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Abstract

Accurate segmentation of brain tumors in magnetic resonance imaging (MRI) is essential
for clinical diagnosis and treatment planning. However, variations in tumor morphol-
ogy, location, and modality-specific appearance make the task highly complex for con-
ventional deep learning approaches. This study introduces SOFAN-UNet, a novel seg-
mentation framework that improves tumor localization and boundary delineation through
hybrid attention mechanisms and bio-inspired optimization. The proposed SOFAN-UNet
architecture builds on the traditional U-Net structure and incorporates a hybrid attention
mechanism combining Squeeze-and-Excitation (SE) and Self-Attention modules. A short
optimization strategy, implemented via Particle Swarm Optimization (PSO), is used to
dynamically calibrate attention gate parameters, including scale factors and filter sizes,
within a constrained search space. This enables efficient learning of discriminative tu-
mor features while preserving spatial detail through optimized skip connections. The
model was evaluated across three benchmark datasets—FBTS, BraTS 2021, and BraTS
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2018—using DSC, JI, HD, ASSD, AUC, and MCC metrics. Ablation studies and five-
fold cross-validation were conducted to assess robustness. SOFAN-UNet achieved state-
of-the-art performance, with Dice scores reaching 0.9685 and Jaccard Index up to 0.9389.
It demonstrated strong generalization across MRI modalities and tumor types, maintained
low boundary error (HD < 2.5), and achieved AUC values above 0.999. Ablation results
confirmed the effectiveness of PSO-based calibration and attention integration, especially
for heterogeneous tumor regions. The SOFAN-UNet model offers a highly accurate and
computationally efficient framework for brain tumor segmentation. Its robustness across
datasets and imaging modalities supports its potential for clinical deployment and further
extension to subregion tumor analysis.
Keywords: brain tumor segmentation, u-net, attention mechanism, particle swarm opti-
mization, deep learning

1 Introduction

Brain tumors remain among the most critical
neurological conditions, requiring a timely and ac-
curate diagnosis to improve treatment outcomes [1,
2]. Magnetic Resonance Imaging (MRI) is the clin-
ical standard for brain tumor visualization due to
its superior soft tissue contrast and non-invasive na-
ture [3, 4]. Accurate segmentation of tumor regions
in MRI is crucial for a range of clinical applica-
tions, including surgical planning, radiation ther-
apy, and treatment monitoring [5, 6]. However,
manual segmentation is time-consuming, prone to
inter-observer variability, and difficult to scale, ne-
cessitating the development of automated and reli-
able computational approaches [7, 8, 9].

Convolutional neural networks (CNNs), espe-
cially U-Net and its variants [10], have become
the backbone of medical image segmentation due
to their encoder-decoder structure and effective
preservation of spatial information through skip
connections [11, 12, 13]. Despite their success,
conventional U-Net architectures typically rely on
fixed attention modules or predefined skip path-
ways, which may not generalize well across di-
verse tumor morphologies [14, 15, 16]. Fixed at-
tention gates are often inadequate for capturing the
complex spatial and textural variations observed in
multi-modal MRI scans, leading to decreased per-
formance in challenging segmentation cases [17,
18, 19, 20].

To overcome these limitations, we propose
SOFAN-UNet—a novel U-Net-based architecture
augmented with a short optimization strategy for at-
tention learning. “Short optimization” refers to a

lightweight yet powerful Particle Swarm Optimiza-
tion (PSO) process that dynamically calibrates at-
tention gate parameters—such as scale factors and
filter sizes—within a constrained search space. This
approach balances optimization effectiveness with
computational efficiency [21], allowing the model
to adaptively emphasize relevant tumor features
across imaging conditions without a large amount
of overhead.

SOFAN-UNet also integrates a hybrid attention
mechanism that fuses Squeeze-and-Excitation (SE)
modules [22, 23] for channel-wise feature recalibra-
tion with Self-Attention blocks that capture long-
range spatial dependencies [24, 25]. These modules
are strategically distributed throughout both the en-
coder and decoder, enhancing the network’s abil-
ity to localize tumors with high precision. Further-
more, optimized skip connections facilitate effec-
tive fusion of hierarchical features while preserving
anatomical details critical for accurate boundary de-
lineation.

The key contributions of this study are:

1. We propose SOFAN-UNet, a novel segmenta-
tion model that combines PSO-driven short op-
timization with a hybrid attention mechanism to
adaptively tune attention gates and improve spa-
tial feature learning.

2. We design an attention structure that combines
SE and Self-Attention modules to jointly model
inter-channel relevance and spatial context, en-
hancing tumor boundary recognition.

3. We implement a constrained PSO framework to
efficiently tune attention gate parameters, reduc-
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ing parameter redundancy, and improving seg-
mentation performance.

4. We validate SOFAN-UNet across three bench-
mark datasets—FBTS, BraTS 2021, and BraTS
2018—demonstrating superior results in Dice
Similarity Coefficient (DSC), Jaccard Index (JI),
AUC, and boundary-based metrics compared to
state-of-the-art methods.

The remainder of this paper is organized as fol-
lows: Section 2 reviews the relevant literature on
brain tumor segmentation and attention-based deep
learning models. Section 3 details the SOFAN-
UNet architecture, including the attention modules
and PSO-based optimization. Section 4 outlines the
experimental setup and presents quantitative and
qualitative results across datasets. Section 5 dis-
cusses the findings, ablation experiments, and limi-
tations. Finally, Section 6 concludes the paper and
suggests directions for future work.

2 Related Works

Recent advances in brain tumor segmentation
have been largely driven by convolutional neural
networks (CNNs), with U-Net and its derivatives
forming the architectural backbone of most state-of-
the-art methods [26, 27, 28]. The encoder-decoder
structure of U-Net, with symmetric skip connec-
tions, effectively captures contextual and spatial
information—making it highly suitable for med-
ical imaging tasks [11, 29, 12, 30]. Neverthe-
less, conventional U-Net configurations often em-
ploy fixed attention mechanisms or uninformed skip
pathways [31, 11, 32], which limit their ability to
focus on the salient features of the tumor, especially
in cases of variable morphology, poor contrast, or
complex anatomical surroundings [33, 34, 35].

To address these challenges, attention-based
CNNs have been proposed. Attention U-Net [18,
36, 37, 38, 39] introduced trainable soft attention
gates within skip connections, enabling selective in-
formation flow and suppressing background noise.
Further refinements, such as UNet++ [40, 41, 42]
and Attention ResUNet [43, 44], enhance connec-
tivity by using nested dense paths or attention-
coupled residual blocks. Although these models
improve localization performance, most rely on
static or heuristically chosen attention parameters,

which may not optimally generalize to the diverse
spatial profiles of brain tumors.

Hybrid attention approaches offer promising
directions. SE-UNet [22, 45, 46, 47] leverages
Squeeze-and-Excitation blocks to recalibrate inter-
channel dependencies, improving contrast discrim-
ination. More recently, transformer-based mod-
els like TransUNet [48, 49, 13, 50, 51] and Swin-
UNet [52, 53, 54] integrate self-attention to model
global spatial relationships. Although effective,
these transformer-based architectures often require
substantial computational resources and large anno-
tated datasets, posing barriers to clinical adoption.

In addition to architectural innovations, opti-
mization strategies have been introduced to im-
prove CNN performance [55]. Evolutionary al-
gorithms [56, 57, 58, 59, 60, 61] such as Parti-
cle Swarm Optimization (PSO) and Genetic Algo-
rithm (GA) have been applied to tune learning rates,
dropout rates, or filter sizes. For example, PSO-
UNet [21] demonstrated that PSO can improve U-
Net convergence and segmentation accuracy by op-
timizing global hyperparameters. However, such
approaches primarily target high-level configura-
tions and do not fine-tune internal attention modules
during training, which limits adaptability.

A noticeable gap remains in dynamically cal-
ibrating attention mechanisms through optimiza-
tion. Fixed attention configurations may under-
perform on heterogeneous or subtle tumor appear-
ances [42, 62]. In contrast, our approach intro-
duces a constrained PSO-based short optimization
that tunes the scale factors and the dimensions of
the kernel within the attention gates during train-
ing. This method balances adaptivity and compu-
tational cost by limiting the search space, offering
dynamic module-level refinement without burden-
ing the training pipeline.

Furthermore, our proposed SOFAN-UNet em-
ploys a hybrid attention system—fusing Squeeze-
and-Excitation and Self-Attention blocks—across
encoder and decoder layers. This dual-mode atten-
tion enables both local channel enhancement and
long-range spatial context modeling, which is par-
ticularly beneficial for segmenting diffuse tumor
boundaries seen in LGG or irregular Glioma cases.

In summary, while existing works have ex-
plored either advanced attention designs or global
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optimization independently, few have unified both
in a coherent framework. SOFAN-UNet addresses
this gap by incorporating hybrid attention with
PSO-driven short optimization, offering a scalable
and adaptable solution for brain tumor segmenta-
tion. Its performance across diverse datasets, in-
cluding FBTS, BraTS 2021, and BraTS 2018, sub-
stantiates its effectiveness and potential for clinical
integration.

3 Method

This section introduces the proposed SOFAN-
UNet architecture, which combines a U-Net back-
bone with a hybrid attention mechanism and a con-
strained Particle Swarm Optimization (PSO)-based
short optimization strategy. The method is designed
to enhance both the learning precision and adapt-
ability of segmentation in complex brain tumor sce-
narios. The key innovations include a dual-attention
mechanism (SE and Self-Attention) and a dynamic
PSO-based adjustment of attention gate parame-
ters within a limited search space. The architec-
ture is evaluated using three diverse datasets: FBTS,
BraTS 2021, and BraTS 2018.

3.1 Dataset and Preprocessing

This study utilizes three benchmark datasets
for brain tumor segmentation: the Figshare Brain
Tumor Segmentation (FBTS) dataset [63] and the
BraTS (Brain Tumor Segmentation) 2021 [64] and
2018 [65, 66, 67] datasets. These datasets cover var-
ious tumor types, imaging modalities, and segmen-
tation challenges, enabling a comprehensive evalu-
ation of the proposed SOFAN-UNet model.

Datasets Overview

– FBTS Dataset: This dataset comprises T1-
weighted contrast-enhanced MRI slices of three
tumor types: Meningioma, Glioma, and Pitu-
itary. Each image is accompanied by a binary
segmentation mask delineating the tumor region.
The dataset contains single-channel images with
varying contrast, tumor location, and size, mak-
ing it ideal for evaluating single-class segmenta-
tion performance.

– BraTS Datasets (2021 and 2018): These
datasets consist of multi-modal MRI scans, in-

cluding native T1, post-contrast T1 (T1CE), T2,
and FLAIR sequences. Each volume contains
voxel-wise annotations for different tumor sub-
regions (enhancing tumor, edema, and necro-
sis). For this study, we consider the whole-tumor
segmentation, combining the subregions into a
unified binary mask. The datasets include both
high-grade glioma (HGG) and low-grade glioma
(LGG) cases, allowing the model’s performance
to be assessed across tumor severity levels and
structural complexity.

Image Normalization and Resizing

All MRI slices and corresponding masks
were preprocessed to ensure consistency across
datasets [68, 69]:

– Normalization: Each image I(x,y) was normal-
ized to the range [0,1] by dividing each pixel by
255 (Eq. 1).

Inorm(x,y) =
I(x,y)
255

(1)

– Resizing: To conform to the network input size,
all images and masks were resized to 256×256
pixels. Bilinear interpolation was used for the
images, whereas nearest-neighbor interpolation
was applied to the masks to preserve the in-
tegrity of the label.

– Channel Expansion: Single-channel grayscale
images were expanded into three channels by
replication, creating a pseudo-RGB input suit-
able for convolutional feature extraction.

Data Augmentation Strategy

To enhance the robustness and generalization
capability of the model, we implemented a multi-
transform data augmentation pipeline [70, 71, 72].
Each transformation T is applied probabilistically
and aims to simulate real-world variability in spa-
tial orientation, illumination, and morphology. The
applied transformations include:

1. Horizontal and Vertical Flipping: Introduced
to account for anatomical symmetry. The flipped
image I′ is defined as Eq. 2.

I′flip(x,y) = I(W − x−1,y)

or I(x,H − y−1)
(2)
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where W and H are the width and height of the
image.

2. Rotation: Random rotations within ±45◦ simu-
late different patient orientations. Given a rota-
tion angle θ, the transformation matrix is given
by Eq. 3.

Tθ =

[
cosθ −sinθ
sinθ cosθ

]
(3)

3. Brightness and Contrast Adjustment: Ad-
justs the image I using scaling coefficients α and
bias β (Eq. 4).

I′contrast = αI +β,
with α ∈ [0.8,1.2], β ∈ [−0.2,0.2]

(4)

4. Gaussian Blurring: Applied with a variable
kernel size k ∈ [3,7], simulating motion blur and
noise. The blurred image I′ is given by:

I′ = I ∗Gσ, where Gσ is the Gaussian kernel
(5)

5. Elastic Transformation: This warps the im-
age using random displacement fields Dx and Dy

smoothed by a Gaussian filter, mimicking tissue
deformations (Eq. 6).

I′ = Elastic(I,α,σ) (6)

6. Grid Distortion: Distorts the image by mov-
ing pixels on a regular grid. The deformation is
computed using sinusoidal displacement of the
grid nodes.

7. Random Resized Cropping: Simulates partial
views by cropping and resizing. The crop region
is sampled with scale s ∈ [0.78,1.0] and fixed
aspect ratio r = 1.0 (Eq. 7).

I′ = ResizeCrop(I,s,r) (7)

These augmentations are applied jointly during
training, and each transformation contributes to the
diversity of training samples, reducing overfitting,
and enhancing generalization to unseen data.

Dataset Samples

Figure 1 presents visual examples from both
datasets. The top row illustrates T1-weighted im-
ages with binary masks for the three tumor classes
in FBTS. The lower section includes multimodal
MRI sequences (T1, T2, T1CE, FLAIR) along
with ground-truth masks from the BraTS 2021 and
BraTS 2018 datasets.

Figure 1. Representative images and segmentation
masks from the utilized datasets. (a) FBTS dataset

samples for Meningioma, Glioma, and Pituitary
tumors, along with their binary masks. (b) BraTS
2021 dataset slices for T1, T2, T1CE, and FLAIR
modalities with corresponding ground-truth tumor

masks. (c) BraTS 2018 samples from HGG and
LGG cases across modalities, along with their

respective whole-tumor masks.

3.2 SOFAN-UNet Architecture

The SOFAN-UNet model is a modified U-Net
architecture designed to improve brain tumor seg-
mentation performance by incorporating hybrid at-
tention gates tuned using a short-range Particle
Swarm Optimization (PSO) strategy. This approach
enables the model to emphasize essential features
while suppressing irrelevant regions, particularly
around complex tumor boundaries. The network
is composed of three essential components: (1) an
encoder–decoder backbone, (2) PSO-optimized hy-
brid attention gates, and (3) a fusion strategy to
combine spatial and channel-wise attention infor-
mation effectively.

3.2.1 Encoder and Decoder Blocks

The encoder-decoder architecture of SOFAN-
UNet (Figure 2) follows a symmetric U-shaped
topology, designed to extract hierarchical features
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from brain MRI scans and progressively reconstruct
accurate segmentation masks. This configuration
is illustrated in Figure 2, where the left side rep-
resents the encoder path, and the right side mirrors
it, serving as the decoder. The architectural mod-
ifications introduced in SOFAN-UNet – including
PSO-optimized attention filters at skip connections
– are also marked, distinguishing it from the con-
ventional U-Net design.

(a) SOFAN-UNet architectural design. The model
consists of an encoder–decoder backbone with
convolutional blocks, upsampling layers, and

hybrid attention modules at each skip connection.
A Particle Swarm Optimization (PSO) module is
used to optimize attention parameters in a short

range.

(b) Workflow of SOFAN-UNet on brain MRI
segmentation. This diagram shows spatial

resolution transitions across the encoder–decoder
structure, optimized attention gate placements, and
segmentation output overlaying the tumor region.

Figure 2. Overview of the proposed SOFAN-UNet
framework. (a) illustrates the architectural details
and module interconnections, while (b) presents

the data flow and output visualization on a sample
input.

In the encoder path, the network processes the
input image X0 ∈R256×256×3 through four convolu-

tional stages, each composed of a two-dimensional
convolution, batch normalization, a nonlinear acti-
vation function, and spatial downsampling. Specif-
ically, each block applies a convolution operation
with a kernel size of 3×3, followed by Batch Nor-
malization (BN) and Rectified Linear Unit (ReLU)
activation [73, 74] to form the initial transformation
(Eq. 8).

F(l)
enc = ReLU

(
BN

(
Conv3×3

(
F(l−1)

enc

)))
(8)

After feature transformation, average pooling is
performed using a 2× 2 filter with a stride 2 to re-
duce the spatial resolution [75] by half (Eq. 9).

F(l)
pool = AvgPool2×2

(
F(l)

enc

)
(9)

This downsampling increases the receptive field
of the subsequent layers, allowing the model to
capture contextual features relevant to the global
tumor structure. The number of feature channels
is doubled after each encoder block [76, 77], re-
sulting in the following dimensional progression:
64 → 128 → 256 → 512, while the spatial resolu-
tion decreases from 256×256 to 32×32.

At the bottom of the network lies the bottleneck
layer, which further transforms the compressed fea-
tures [18, 78]. This stage consists of an additional
3× 3 convolution, batch normalization, and ReLU
activation to deepen semantic encoding (Eq. 10).

Fbottleneck = ReLU
(

BN
(

Conv3×3

(
F(4)

pool

)))

(10)

The bottleneck encodes high-level abstract fea-
tures that describe the tumor region as a whole,
serving as a bridge between the encoder and the de-
coder.

The path of the encoder, shown on the right
side of Figure 2, reverses the transformations made
in the encoder. It restores spatial resolution us-
ing upsampling layers and integrates detailed spa-
tial information from the encoder via skip connec-
tions. Each decoder block begins with nearest-
neighbor interpolation to double the spatial resolu-
tion (Eq. 11).

F(l)
up = Up2×2

(
F(l+1)

dec

)
(11)
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)
(9)

This downsampling increases the receptive field
of the subsequent layers, allowing the model to
capture contextual features relevant to the global
tumor structure. The number of feature channels
is doubled after each encoder block [76, 77], re-
sulting in the following dimensional progression:
64 → 128 → 256 → 512, while the spatial resolu-
tion decreases from 256×256 to 32×32.

At the bottom of the network lies the bottleneck
layer, which further transforms the compressed fea-
tures [18, 78]. This stage consists of an additional
3× 3 convolution, batch normalization, and ReLU
activation to deepen semantic encoding (Eq. 10).

Fbottleneck = ReLU
(

BN
(

Conv3×3

(
F(4)

pool

)))

(10)

The bottleneck encodes high-level abstract fea-
tures that describe the tumor region as a whole,
serving as a bridge between the encoder and the de-
coder.

The path of the encoder, shown on the right
side of Figure 2, reverses the transformations made
in the encoder. It restores spatial resolution us-
ing upsampling layers and integrates detailed spa-
tial information from the encoder via skip connec-
tions. Each decoder block begins with nearest-
neighbor interpolation to double the spatial resolu-
tion (Eq. 11).

F(l)
up = Up2×2

(
F(l+1)

dec

)
(11)
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This is followed by concatenation with the cor-
responding encoder feature map F(l)

enc, which has
been filtered through an attention gate (Eq. 12).

F(l)
concat =

[
F(l)

up∥Fatt(l)
enc

]
(12)

The concatenated feature map is processed by
3× 3 convolution, batch normalization, and ReLU
activation (Eq. 13).

F(l)
dec = ReLU

(
BN

(
Conv3×3

(
F(l)

concat

)))
(13)

As the decoder progresses, the number of fea-
ture channels is halved at each stage: from 512
to 256, then to 128, and finally to 64. This chan-
nel reduction ensures efficient memory usage while
maintaining the necessary detail for fine-grained
segmentation.

The final segmentation map is generated
through a 1×1 convolutional layer that reduces the
output tensor to a single channel. A sigmoid activa-
tion function is applied to map each pixel value to a
probability between 0 and 1 (Eq. 14).

Ŷ = σ
(

Conv1×1

(
F(1)

dec

))
(14)

This probability map represents the likelihood
of each pixel being part of the tumor region.

Importantly, the encoder and decoder paths are
tightly coupled through attention-gated skip con-
nections, enabling effective reuse of encoder fea-
tures. These attention gates, discussed in Sec-
tion 3.2.2, filter out irrelevant features before they
are passed to the decoder, ensuring that only se-
mantically and spatially relevant information is
used [79]. This design addresses a major limitation
in traditional U-Net architectures, where unfiltered
skip connections may introduce noise or irrelevant
texture patterns into the decoding process.

In general, the encoder-decoder configuration
in SOFAN-UNet is carefully designed to balance
the extraction of high-level tumor semantics with
the retention of fine-grained anatomical structure.
By applying attention before fusion and preserving
both low-level and deep contextual information, the
network achieves superior performance in segment-
ing complex tumor shapes, particularly for indis-
tinct or diffuse tumor boundaries.

The general architectural design of the proposed
SOFAN-UNet is illustrated in Figure 3.2.1. The
network follows a U-shaped encoder-decoder struc-
ture, where the encoder progressively extracts hier-
archical features through convolutional and down-
sampling operations, and the decoder reconstructs
the segmentation mask using upsampling and skip
connections. Unlike standard U-Net architectures,
SOFAN-UNet integrates PSO-optimized hybrid at-
tention gates into skip connections, enabling se-
lective feature fusion [79] that emphasizes tumor-
relevant regions. The bottleneck layer, situated be-
tween the encoder and the decoder, processes deep
semantic features that encode the global context of
the tumor.

Complementing this architectural view, Fig-
ure 3.2.1 presents a functional flow diagram of
the segmentation process. This includes resolution
transitions across stages, attention gate placements,
and sample input and output MRI slices. The de-
coder receives selectively filtered features via atten-
tion gates whose internal parameters (such as scale
factor and filter size) are dynamically optimized by
the PSO controller. This short optimization strategy
ensures efficient adaptation to data-specific charac-
teristics, improving tumor localization and bound-
ary sharpness. Together, these visualizations pro-
vide a comprehensive understanding of SOFAN-
UNet’s structural and operational design.

3.2.2 Hybrid Attention Gate

To enhance the relevance of features passed
through skip connections in the U-Net structure,
SOFAN-UNet incorporates a hybrid attention gate
in each encoder–decoder connection. The purpose
of this module is to selectively emphasize informa-
tive spatial and channel-wise features while sup-
pressing irrelevant or noisy activations. This is
especially important in medical image segmenta-
tion, where subtle anatomical structures may be lost
without proper focus mechanisms.

The hybrid attention gate in SOFAN-UNet
combines two attention paradigms: channel atten-
tion through a squeeze-and-excitation (SE) opera-
tion [80, 46, 81, 45] and spatial attention through
a gating signal from the decoder [82, 83, 84]. The
fusion of these two mechanisms ensures that both
semantically significant channels and spatially rele-
vant regions are emphasized during feature transfer
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across the network.

Let x ∈ RH×W×C represent the feature map of
the encoder, and let g ∈ RH ′×W ′×C′

be the corre-
sponding decoder gating signal. The channel at-
tention mechanism first performs global average
pooling on x to capture global channel statistics
(Eq. 15).

zc =
1

H ·W

H

∑
i=1

W

∑
j=1

xi, j,c, ∀c ∈ {1, . . . ,C} (15)

This produces a channel descriptor vector z ∈
RC, which is then passed through a bottleneck con-
sisting of two fully connected layers with ReLU and
sigmoid activations (Eq. 16).

s = σ(W2 ·δ(W1 · z)) (16)

The output vector s ∈ [0,1]C serves as a set
of channel-wise importance weights and is applied
to the original encoder features by multiplication
(Eq. 17).

xSE = x · s (17)

To capture spatial attention, both x and the de-
coder signal g are first passed through 1×1 convo-
lutions, batch normalization, and ReLU activation
to align them in dimension and emphasize learned
features (Eq. 18).

x̃ = ReLU(BN(Conv1×1(x))),
g̃ = ReLU(BN(Conv1×1(g)))

(18)

The spatial attention map α is then computed
using a sigmoid-activated 1×1 convolution applied
to the sum of transformed feature maps (Eq. 19).

α = σ(Conv1×1(x̃+Up(g̃))) (19)

Here, Up(·) denotes the spatial upsampling of
g̃ to match the resolution of x̃, and α ∈ [0,1]H×W

highlights spatially relevant locations.

The final attention-refined encoder feature is
obtained by fusing both attention mechanisms
(Eq. 20).

xatt = α ·xSE (20)

As shown in Figure 3.2.1, hybrid attention gates
are placed at each skip connection between the en-
coder and decoder stages. These gates selectively
refine encoder features before fusion, enabling the
model to suppress irrelevant activations and en-
hance focus on tumor regions. Their strategic place-
ment ensures an effective transfer of both low-level
spatial and high-level contextual features, which is
essential for accurate tumor segmentation.

The internal structure of the proposed hybrid
attention gate is illustrated in Figure 3. The fig-
ure demonstrates how channel attention is com-
puted via a squeeze-and-excitation (SE) operation
and how spatial attention is derived from the inter-
action between encoder features and the decoder
gating signal. The final output of the attention
gate is obtained by element-wise multiplication of
both channel- and spatial-attended maps. This dual-
attention mechanism ensures that both the where
(spatial) and what (channel) attention are learned
dynamically for each input. Such integration en-
ables SOFAN-UNet to more accurately delineate
complex and diffuse tumor boundaries in brain MRI
images.

Figure 3. Internal structure of the hybrid attention
gate used in SOFAN-UNet. Encoder features x

undergo channel-wise recalibration using a
squeeze-and-excitation (SE) block, while spatial
attention is computed from the gating signal g in

the decoder. The fusion of both mechanisms
results in refined attention features that highlight

tumor-relevant regions.
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The final attention-refined encoder feature is
obtained by fusing both attention mechanisms
(Eq. 20).

xatt = α ·xSE (20)

As shown in Figure 3.2.1, hybrid attention gates
are placed at each skip connection between the en-
coder and decoder stages. These gates selectively
refine encoder features before fusion, enabling the
model to suppress irrelevant activations and en-
hance focus on tumor regions. Their strategic place-
ment ensures an effective transfer of both low-level
spatial and high-level contextual features, which is
essential for accurate tumor segmentation.

The internal structure of the proposed hybrid
attention gate is illustrated in Figure 3. The fig-
ure demonstrates how channel attention is com-
puted via a squeeze-and-excitation (SE) operation
and how spatial attention is derived from the inter-
action between encoder features and the decoder
gating signal. The final output of the attention
gate is obtained by element-wise multiplication of
both channel- and spatial-attended maps. This dual-
attention mechanism ensures that both the where
(spatial) and what (channel) attention are learned
dynamically for each input. Such integration en-
ables SOFAN-UNet to more accurately delineate
complex and diffuse tumor boundaries in brain MRI
images.

Figure 3. Internal structure of the hybrid attention
gate used in SOFAN-UNet. Encoder features x

undergo channel-wise recalibration using a
squeeze-and-excitation (SE) block, while spatial
attention is computed from the gating signal g in

the decoder. The fusion of both mechanisms
results in refined attention features that highlight

tumor-relevant regions.
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3.2.3 Particle Swarm Optimization of Atten-
tion Gates

To enhance the adaptability and performance of
the hybrid attention gates in SOFAN-UNet, we in-
troduce a short optimization strategy based on Par-
ticle Swarm Optimization (PSO). This approach al-
lows the model to dynamically determine optimal
values for internal attention parameters, such as the
scale factor for feature compression and the filter
size for attention gating, without requiring exhaus-
tive manual tuning.

PSO is a population-based stochastic optimiza-
tion algorithm inspired by the social behavior of
bird flocking and fish schooling [85]. Each potential
solution, called a particle, explores the search space
by updating its velocity and position based on its
own best-known position and the best-known posi-
tions of its neighbors [86, 87, 88]. The optimization
proceeds iteratively, evaluating the fitness of each
particle using a defined objective function [89].

Let the particle vector be defined as p= [ϕs,ϕ f ],
where ϕs is the scale factor applied in the SE block,
and ϕ f is the filter size multiplier used in the at-
tention convolutions. For each candidate solution,
the attention gates are instantiated with the given
parameters, and the full SOFAN-UNet model is
trained for a limited number of epochs to evaluate
its validation performance. The fitness function F
is defined as the Dice similarity coefficient (DSC)
on the validation set (Eq. 21).

F (ϕs,ϕ f ) =
2 · |Ŷ ∩Y |
|Ŷ |+ |Y |

(21)

where Ŷ and Y are the predicted and ground-truth
segmentation masks, respectively.

The optimization process follows the standard
PSO update rules (Eq. 22 and 23).

vi(t +1) = w · vi(t)+ c1 · r1 · (pbest
i − xi(t))

+ c2 · r2 · (gbest − xi(t))
(22)

xi(t +1) = xi(t)+ vi(t +1) (23)

where vi is the velocity of the i-th particle, xi is its
current position (parameter values), pbest

i is the best-
known position of the particle, gbest is the global
best position, and w, c1, and c2 are the inertia weight

and acceleration coefficients, respectively. The ran-
dom numbers r1 and r2 are sampled uniformly from
[0,1].

After several iterations, the particle with the
highest validation DSC provides the optimal config-
uration ϕ∗

s ,ϕ∗
f , which is then used to instantiate the

final SOFAN-UNet model. This process is compu-
tationally efficient, since it restricts the search to a
short range and uses partial training runs to estimate
performance.

Figure 4. Flowchart of the PSO optimization
process used to tune the hybrid attention gate

parameters in SOFAN-UNet. The process begins
with the random initialization of particle positions
that represent the scale factor Φs and the filter size
Φ f . Each particle’s fitness is evaluated using the

Dice similarity coefficient on a validation set. The
swarm iteratively updates particle velocities and

positions until a stopping criterion is met,
outputting the optimal configuration for attention

gating.

As illustrated in Figure 3.2.1, the PSO-tuned at-
tention gates are embedded in each skip connec-
tion between the encoder and decoder. This opti-
mization enhances the model’s ability to adapt its
focus mechanism across varying tumor shapes, in-
tensities, and surrounding anatomical structures, ul-
timately improving segmentation accuracy and ro-
bustness. Additionally, Figure 4 presents the PSO-
based optimization process, which begins by ini-
tializing a swarm of candidate parameter sets for
the hybrid attention gates. Each particle’s perfor-
mance is evaluated on the basis of the Dice similar-
ity coefficient on a validation subset. The swarm
iteratively updates its position in the parameter
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space to converge toward the optimal configuration.
This approach enables SOFAN-UNet to automati-
cally adapt its attention-gating behavior to tumor-
specific characteristics, thereby enhancing segmen-
tation outcomes while reducing manual interven-
tion.

3.2.4 PSO Sensitivity Analysis and Design Ra-
tionale

Although the proposed PSO configuration em-
ploys a compact swarm size and iteration bud-
get, this choice is intentional and aligned with the
low-dimensional nature of the optimization prob-
lem [90]. Because PSO is applied exclusively to
two attention-gate parameters (ϕs,ϕ f ) within a con-
strained interval [0.5,3.0], exhaustive exploration
using large swarms is unnecessary and would in-
troduce disproportionate computational overhead.

To assess robustness with respect to PSO con-
figuration, we conducted a sensitivity analysis by
varying the number of particles and iterations while
keeping all other training settings fixed. For each
evaluated configuration, the best validation Dice
Similarity Coefficient (DSC) achieved during the
PSO phase was recorded. The objective of this anal-
ysis is not to maximize absolute performance, but
to verify whether the baseline configuration under-
explores the search space.

The results, summarized in Table 1, indi-
cate that increasing swarm size beyond the base-
line configuration does not yield consistent per-
formance gains in the constrained two-parameter
search space. In practice, the 5 × 10 setting
converges reliably to stable attention parameters,
supporting the design objective of maintaining a
lightweight and efficient optimization stage. Larger
configurations were evaluated under identical val-
idation settings and did not demonstrate improved
validation performance relative to their increased
computational cost.

The results in Table 1 show that the base-
line PSO configuration (5 particles, 10 iterations)
achieves the highest validation Dice Similarity Co-
efficient while incurring the lowest computational
cost. Increasing the swarm size to 10 particles
with the same iteration budget leads to a notice-
able degradation in validation performance, indicat-
ing increased stochasticity in the constrained two-

parameter search space. When the iteration budget
is further increased (10×20 and 20×20), the vali-
dation DSC recovers and approaches the baseline
value, but without surpassing it, despite substan-
tially higher optimization cost. This non-monotonic
behavior suggests that the baseline configuration
has sufficiently explored the bounded attention-gate
parameter space, and that additional particles or
iterations primarily increase computational over-
head rather than yield consistent performance gains.
These findings support the design choice of a short-
range PSO strategy in SOFAN-UNet, balancing
convergence stability and efficiency.

4 Experiments and Results

This section presents a comprehensive experi-
mental analysis to evaluate the segmentation per-
formance of the proposed SOFAN-UNet architec-
ture across multiple brain tumor datasets. The
experiments are designed to assess both spatial
accuracy and generalization capability under di-
verse imaging conditions. A series of evalua-
tions is conducted, including training-validation
monitoring, post-training segmentation assessment,
and per-image performance analysis across various
datasets and tumor types. The methodology inte-
grates optimized preprocessing, data augmentation,
and attention-based enhancements, supported by a
Particle Swarm Optimization (PSO) strategy for hy-
perparameter tuning. Results are reported using
standard and advanced metrics, providing a mul-
tifaceted perspective on model behavior. Detailed
evaluations are structured as follows: experimental
setup and evaluation metrics, ablation of augmenta-
tion effects, quantitative outcomes across datasets,
qualitative visual analysis, and comparisons against
state-of-the-art methods.

4.1 Experimental Setup and Evaluation

To evaluate the performance of SOFAN-UNet,
we conducted experiments using a curated subset
of brain MRI data, focusing on Meningioma tumor
segmentation. The implementation was developed
in Python using TensorFlow 2.10.0 and Keras. All
experiments were executed on a high-performance
server equipped with 8× NVIDIA A100 GPUs
(40GB VRAM each) and 512GB RAM.
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space to converge toward the optimal configuration.
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Although the proposed PSO configuration em-
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low-dimensional nature of the optimization prob-
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configurations were evaluated under identical val-
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parameter space, and that additional particles or
iterations primarily increase computational over-
head rather than yield consistent performance gains.
These findings support the design choice of a short-
range PSO strategy in SOFAN-UNet, balancing
convergence stability and efficiency.
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This section presents a comprehensive experi-
mental analysis to evaluate the segmentation per-
formance of the proposed SOFAN-UNet architec-
ture across multiple brain tumor datasets. The
experiments are designed to assess both spatial
accuracy and generalization capability under di-
verse imaging conditions. A series of evalua-
tions is conducted, including training-validation
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and per-image performance analysis across various
datasets and tumor types. The methodology inte-
grates optimized preprocessing, data augmentation,
and attention-based enhancements, supported by a
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4.1 Experimental Setup and Evaluation
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server equipped with 8× NVIDIA A100 GPUs
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Table 1. Sensitivity analysis of PSO configuration for attention-gate parameter tuning. All results
correspond to single-run evaluations under identical validation settings, and parameter bounds [0.5,3.0] for

(ϕs,ϕ f ).

Particles Iterations Best Validation DSC Relative Cost Observation
5 10 0.9767 Low Best trade-off

10 10 0.9495 Medium Performance instability
10 20 0.9758 High Performance recovery
20 20 0.9761 Very High Saturation

Dataset and Preprocessing. The dataset con-
sists of 1251 T1CE brain MRI slices with manually
annotated tumor masks. Each slice was converted
to 8-bit grayscale, normalized to [0, 1], and resized
to 256×256 pixels. Grayscale channels were repli-
cated to form 256 × 256 × 3 inputs. Masks were
binarized for binary segmentation (tumor vs. back-
ground).

The FBTS dataset includes a near-balanced dis-
tribution across three tumor classes (Meningioma,
Glioma, Pituitary), ensuring fair evaluation of class-
specific performance. For BraTS datasets, stratified
splitting was applied across HGG and LGG grades
to maintain class balance during cross-validation.

Training Configuration. Data were split into
80% training and 20% validation subsets using
stratified random sampling. The model was trained
for 50 epochs with a batch size of 32, using the
Adam optimizer [91] and binary cross-entropy loss.
Performance was monitored using Binary Accu-
racy, Dice Similarity Coefficient (DSC), Dice Loss,
and Jaccard Index (IoU), with the best model se-
lected based on the validation DSC.

PSO Optimization Strategy. A short-range
Particle Swarm Optimization (PSO) algorithm was
used to optimize the parameters of the hybrid atten-
tion gate: the scale factor ϕs and the filter multiplier
ϕ f . The PSO ran for 10 iterations using 5 particles.
The parameter bounds were set to [0.5,3.0]. The
PSO dynamics followed the standard inertia and ac-
celeration update rules: w = 0.5, c1 = c2 = 1.5.
The validation Dice coefficient was used as a fitness
function during the partial training evaluation. Ap-
pendix A provides a complete justification of each
parameter value.

PSO Optimization Strategy.

We employed a constrained, short-range Parti-
cle Swarm Optimization (PSO) procedure to cali-

brate only two internal attention-gate parameters:
(i) the squeeze-and-excitation scale factor ϕs and
(ii) the spatial-attention filter multiplier ϕ f , within
a bounded interval [0.5,3.0]. This PSO component
is not intended as a high-dimensional neural archi-
tecture or global hyperparameter search; instead, it
performs module-level tuning in a low-dimensional
parameter space p = [ϕs,ϕ f ] to adapt attention be-
havior to the dataset distribution while keeping the
optimization cost small.

We used 5 particles and 10 iterations with
standard coefficients (w = 0.5, c1 = c2 = 1.5), and
the validation Dice Similarity Coefficient (DSC)
as the fitness measure during partial training eval-
uation. These settings were selected to preserve
the “short optimization” philosophy of SOFAN-
UNet while still enabling stable convergence in
the bounded parameter space. To verify that this
configuration does not under-explore the search
space [92], we additionally report a dedicated PSO
sensitivity analysis in Section 3.2.4, demonstrating
diminishing performance gains for larger swarms
and longer iteration budgets under identical bounds.
Detailed rationale for all optimization parameters is
provided in A.

Evaluation Strategy. Evaluation was con-
ducted in three stages to ensure a comprehensive
analysis of segmentation quality:

1. Model Training–Validation Monitoring: Dur-
ing training, metrics such as Binary Accuracy,
Cross-Entropy Loss, Dice Coefficient (DSC),
and Jaccard Index (IoU) were used to monitor
model performance epoch by epoch.

2. Post-training Segmentation Evaluation: After
selecting the best model, the quality of the seg-
mentation was assessed using the Dice Similar-
ity Coefficient (DSC), the Jaccard Index (IoU),
the Hausdorff Distance (HD) and the Aver-
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age Symmetric Surface Distance (ASSD). These
metrics evaluate spatial overlap, contour accu-
racy, and boundary smoothness.

3. Comprehensive Metrics Analysis: To evaluate
generalization and reliability, we analyzed:

– Global Receiver Operating Characteristic
(ROC) curve and Area Under the Curve
(AUC).

– Per-image metric distributions (DSC and IoU
spread).

– Classification-based metrics: Precision, Re-
call, and F1-score.

To validate the robustness of the results, statis-
tical significance testing (paired t-tests) was con-
ducted for Dice and Jaccard scores across cross-
validation folds and datasets. A p-value threshold
of 0.05 was used to determine significance.

Evaluation Metrics. The metrics used in the
above evaluations are defined and interpreted as fol-
lows:

– Dice Similarity Coefficient (DSC).

DSC =
2 · |Ŷ ∩Y |

|Ŷ |+ |Y |+ ε
(24)

Here, Ŷ and Y represent the predicted and
ground-truth tumor masks, respectively, and ε is
a small constant to avoid division by zero. The
DSC (Eq. 24) reflects the overlap between the
predicted and actual tumor regions.

– Jaccard Index (IoU).

IoU =
|Ŷ ∩Y |

|Ŷ ∪Y |+ ε
(25)

IoU (Eq. 25) measures the intersection-over-
union between predicted and actual regions. It
penalizes oversegmentation more strictly than
DSC.

– Binary Accuracy.

Accuracy =
T P+T N

T P+T N +FP+FN
(26)

where T P, T N, FP, and FN denote true pos-
itives, true negatives, false positives, and false
negatives, respectively (Eq. 26).

– Dice Loss.

LDice = 1−DSC (27)

It is used as an auxiliary training loss to encour-
age segmentation overlap (Eq. 27).

– Hausdorff Distance (HD).

HD(A,B) = max
{

sup
a∈A

inf
b∈B

∥a−b∥,

sup
b∈B

inf
a∈A

∥b−a∥
} (28)

where A and B are sets of surface points from
prediction and ground truth. HD (Eq. 28) re-
flects the worst-case contour error.

– Average Symmetric Surface Distance (ASSD).

ASSD(A,B) =
1

|A|+ |B|
×

(
∑
a∈A

min
b∈B

∥a−b∥+ ∑
b∈B

min
a∈A

∥b−a∥

) (29)

It averages the bidirectional contour distances
(Eq. 29) and is more robust to outliers than HD.

– Precision, Recall, and F1-score.

Precision =
T P

T P+FP
(30)

Recall =
T P

T P+FN
(31)

F1-Score =
2 ·Precision ·Recall

Precision+Recall+ ε
(32)

Precision (Eq. 30) quantifies prediction correct-
ness, recall (Eq. 31) reflects completeness, and
F1-score (Eq. 32) balances both.

– ROC Curve and AUC.

TPR =
T P

T P+FN
, FPR =

FP
FP+T N

(33)

ROC curves evaluate classifier behavior over
decision thresholds, while AUC summarizes
global prediction quality (Eq. 33). Receiver
Operating Characteristic (ROC) curves and the
corresponding Area Under the Curve (AUC)
are reported to assess pixel-level discrimination



97Shoffan Saifullah, Rafał Dreżewski, Anton Yudhana, Wahyu Caesarendra, Enny Itje Sela

age Symmetric Surface Distance (ASSD). These
metrics evaluate spatial overlap, contour accu-
racy, and boundary smoothness.

3. Comprehensive Metrics Analysis: To evaluate
generalization and reliability, we analyzed:

– Global Receiver Operating Characteristic
(ROC) curve and Area Under the Curve
(AUC).

– Per-image metric distributions (DSC and IoU
spread).

– Classification-based metrics: Precision, Re-
call, and F1-score.

To validate the robustness of the results, statis-
tical significance testing (paired t-tests) was con-
ducted for Dice and Jaccard scores across cross-
validation folds and datasets. A p-value threshold
of 0.05 was used to determine significance.

Evaluation Metrics. The metrics used in the
above evaluations are defined and interpreted as fol-
lows:

– Dice Similarity Coefficient (DSC).

DSC =
2 · |Ŷ ∩Y |

|Ŷ |+ |Y |+ ε
(24)

Here, Ŷ and Y represent the predicted and
ground-truth tumor masks, respectively, and ε is
a small constant to avoid division by zero. The
DSC (Eq. 24) reflects the overlap between the
predicted and actual tumor regions.

– Jaccard Index (IoU).

IoU =
|Ŷ ∩Y |

|Ŷ ∪Y |+ ε
(25)

IoU (Eq. 25) measures the intersection-over-
union between predicted and actual regions. It
penalizes oversegmentation more strictly than
DSC.

– Binary Accuracy.

Accuracy =
T P+T N

T P+T N +FP+FN
(26)

where T P, T N, FP, and FN denote true pos-
itives, true negatives, false positives, and false
negatives, respectively (Eq. 26).

– Dice Loss.

LDice = 1−DSC (27)

It is used as an auxiliary training loss to encour-
age segmentation overlap (Eq. 27).
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sup
b∈B

inf
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∥b−a∥
} (28)

where A and B are sets of surface points from
prediction and ground truth. HD (Eq. 28) re-
flects the worst-case contour error.

– Average Symmetric Surface Distance (ASSD).
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1

|A|+ |B|
×
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∑
a∈A

min
b∈B

∥a−b∥+ ∑
b∈B

min
a∈A

∥b−a∥

) (29)

It averages the bidirectional contour distances
(Eq. 29) and is more robust to outliers than HD.

– Precision, Recall, and F1-score.

Precision =
T P

T P+FP
(30)

Recall =
T P

T P+FN
(31)

F1-Score =
2 ·Precision ·Recall

Precision+Recall+ ε
(32)

Precision (Eq. 30) quantifies prediction correct-
ness, recall (Eq. 31) reflects completeness, and
F1-score (Eq. 32) balances both.

– ROC Curve and AUC.

TPR =
T P

T P+FN
, FPR =

FP
FP+T N

(33)

ROC curves evaluate classifier behavior over
decision thresholds, while AUC summarizes
global prediction quality (Eq. 33). Receiver
Operating Characteristic (ROC) curves and the
corresponding Area Under the Curve (AUC)
are reported to assess pixel-level discrimination
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Figure 5. Boxplot comparison of segmentation performance metrics with and without augmentation for
Meningioma, Glioma, and Pituitary classes across Accuracy, DSC, JI, and Loss.

between tumor and background regions. Al-
though ROC/AUC is reported to characterize
pixel-level separability, overlap- and boundary-
based metrics such as Dice Similarity Coeffi-
cient (DSC), Jaccard Index (JI), and Hausdorff
Distance (HD) are considered the primary indi-
cators of segmentation quality, particularly un-
der severe class imbalance.

Table 2. Experimental and evaluation
configuration for SOFAN-UNet

Parameter Value
Input image size 256×256×3
Dataset T1CE Brain MRI (Meningioma)
Total samples 1251 slices
Train/validation split 80% / 20%
Preprocessing Grayscale, Normalization, Binarization
Batch size 32
Epochs 50
Optimizer Adam
Learning rate 1×10−4

Loss function Binary cross-entropy + Dice Loss
Training metrics Accuracy, DSC, Dice Loss, IoU
Post-training metrics DSC, IoU, HD, ASSD
Extended evaluation ROC-AUC, Precision, Recall, F1-score
PSO particles / iterations 5 / 10
PSO coefficients (w, c1, c2) 0.5 / 1.5 / 1.5
PSO parameter bounds ϕs, ϕ f in [0.5,3.0]
Fitness function Validation Dice coefficient
Hardware 8× NVIDIA A100 (40GB), 512GB RAM

4.2 Performance Comparison with and
without Augmentation

To investigate the impact of data augmentation
on segmentation performance, we conducted a de-
tailed evaluation using four key metrics—Accuracy,
Dice Similarity Coefficient (DSC), Jaccard Index
(JI), and Cross-Entropy Loss—across three tumor
classes (Meningioma, Glioma, Pituitary) within the
FBTS dataset. This evaluation spanned the training,
validation, and testing phases. The results are visu-
ally presented in Figure 5 and Figure 6, while full
tabular data is provided in Figure E.

Figure 6. Heatmap of performance delta (with and
without augmentation) across training, validation,
and testing. Positive values indicate improvement

from augmentation.

Accuracy. Across all tumor classes, the model
achieved high baseline accuracy. Augmentation
contributed to moderate improvements, particularly
for Glioma, which increased by +0.35 p.p. (train-
ing) and +0.32 p.p. (testing). The Meningioma
and Pituitary classes had already saturated accuracy
values, with marginal changes between configura-
tions. These results indicate that augmentation re-
inforced decision confidence, particularly for struc-
turally variable tumor types such as glioma.

DSC and JI. The augmentation strategy
yielded substantial improvements in region-based
metrics. Glioma showed the highest enhancement,
with DSC increasing from 0.6880 to 0.8053 and JI
from 0.5271 to 0.6770 in the testing. Pituitary fol-
lowed with a +5.48 p.p. gain in DSC and +7.96 p.p
in JI. Meningioma, having the most consistent mor-
phology, exhibited a marginal improvement (+0.28
DSC and +0.46 JI), indicating that the augmentation
had a stabilizing rather than a corrective influence.
These findings demonstrate that augmentation helps
capture irregular contours, improving boundary ad-
herence and segmentation precision.
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Loss. Loss values dropped slightly for Menin-
gioma (-0.0019) and remained consistent or slightly
increased for Glioma and Pituitary. Although the
Glioma testing loss increased marginally (+0.0112),
concurrent improvements in DSC and JI imply that
the model learned more discriminative features de-
spite a slight optimization instability. The overall
trend reflects that augmentation supports better spa-
tial learning, even when loss values remain within
close margins.

Visual Interpretation. In Figure 5, the aug-
mentation benefits are clearly visible for Glioma
and Pituitary across all segmentation metrics. Fig-
ure 6 highlights the largest improvements in the
training and testing phases for DSC and JI, high-
lighting how augmentation facilitated more accu-
rate tumor localization. The distributed gains across
phases suggest not only better training outcomes,
but also enhanced generalization.

Summary. The augmentation method intro-
duced in this work contributed to notable im-
provements in DSC and JI—especially for Glioma
(+11.73 DSC, +14.99 JI) and Pituitary (+5.48 DSC,
+7.96 JI) in testing—while maintaining high clas-
sification accuracy. Meningioma’s gains, though
smaller, confirm the utility of augmentation even
for more predictable tumor types. These outcomes
validate the role of augmentation in enhancing seg-
mentation models’ spatial awareness, particularly in
datasets with variable tumor geometry and limited
sample diversity.

4.3 Quantitative Results Across Multi-
Dataset Evaluation

The performance of SOFAN-UNet was com-
prehensively evaluated across three benchmark
datasets: FBTS (Figshare Brain Tumor Segmenta-
tion), BraTS 2021, and BraTS 2018. This section
presents segmentation outcomes using key perfor-
mance indicators, including Dice Similarity Coef-
ficient (DSC), Jaccard Index (JI), binary accuracy,
cross-entropy loss, and Receiver Operating Char-
acteristic–Area Under Curve (ROC-AUC). These
metrics provide insights into both the overlap be-
tween predicted and ground truth tumor regions and
the classification reliability under varying data con-
ditions.

It is important to note that while DSC, JI, accu-
racy, loss, and ROC-AUC are the primary focus of
this section, additional spatial boundary metrics—
specifically Hausdorff Distance (HD) and Aver-
age Symmetric Surface Distance (ASSD)—are re-
ported separately in the Qualitative Evaluation sub-
section. These metrics offer a more in-depth anal-
ysis of boundary-level detection accuracy and are
discussed in the context of representative visual
segmentation outcomes and comparative scenarios.

The summarized results for each dataset are
presented below, while complete numerical tables
and ROC visualizations are provided in B and D,
respectively.

4.3.1 FBTS Dataset Evaluation

The FBTS dataset was utilized to evaluate the
proposed SOFAN-UNet model across three brain
tumor categories: Meningioma, Glioma, and Pitu-
itary. Previous studies using U-Net architectures
have reported a tendency toward overfitting [93],
particularly in cases of class imbalance or lim-
ited morphological diversity. To address this, a
single-stage data augmentation strategy was inte-
grated during training, as detailed in Section 3.1,
to improve generalization while maintaining archi-
tectural simplicity.

Performance on Training, Validation, and Test-
ing Splits

Table 3 reports the model’s testing perfor-
mance across the three tumor classes. Meningioma
achieved the highest Dice Similarity Coefficient
(DSC = 0.9304) and Jaccard Index (JI = 0.8699),
supported by a low loss (0.0035) and nearly perfect
accuracy (0.9991). For Pituitary tumors, DSC and
JI values were 0.8591 and 0.7539, respectively. The
Glioma, structurally more complex and infiltrative,
showed slightly reduced scores (DSC = 0.8053; JI =
0.6770), although accuracy remained high (0.9921).
These results indicate that the model effectively de-
lineated tumor regions across varying spatial mor-
phologies.
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Loss. Loss values dropped slightly for Menin-
gioma (-0.0019) and remained consistent or slightly
increased for Glioma and Pituitary. Although the
Glioma testing loss increased marginally (+0.0112),
concurrent improvements in DSC and JI imply that
the model learned more discriminative features de-
spite a slight optimization instability. The overall
trend reflects that augmentation supports better spa-
tial learning, even when loss values remain within
close margins.

Visual Interpretation. In Figure 5, the aug-
mentation benefits are clearly visible for Glioma
and Pituitary across all segmentation metrics. Fig-
ure 6 highlights the largest improvements in the
training and testing phases for DSC and JI, high-
lighting how augmentation facilitated more accu-
rate tumor localization. The distributed gains across
phases suggest not only better training outcomes,
but also enhanced generalization.

Summary. The augmentation method intro-
duced in this work contributed to notable im-
provements in DSC and JI—especially for Glioma
(+11.73 DSC, +14.99 JI) and Pituitary (+5.48 DSC,
+7.96 JI) in testing—while maintaining high clas-
sification accuracy. Meningioma’s gains, though
smaller, confirm the utility of augmentation even
for more predictable tumor types. These outcomes
validate the role of augmentation in enhancing seg-
mentation models’ spatial awareness, particularly in
datasets with variable tumor geometry and limited
sample diversity.

4.3 Quantitative Results Across Multi-
Dataset Evaluation

The performance of SOFAN-UNet was com-
prehensively evaluated across three benchmark
datasets: FBTS (Figshare Brain Tumor Segmenta-
tion), BraTS 2021, and BraTS 2018. This section
presents segmentation outcomes using key perfor-
mance indicators, including Dice Similarity Coef-
ficient (DSC), Jaccard Index (JI), binary accuracy,
cross-entropy loss, and Receiver Operating Char-
acteristic–Area Under Curve (ROC-AUC). These
metrics provide insights into both the overlap be-
tween predicted and ground truth tumor regions and
the classification reliability under varying data con-
ditions.

It is important to note that while DSC, JI, accu-
racy, loss, and ROC-AUC are the primary focus of
this section, additional spatial boundary metrics—
specifically Hausdorff Distance (HD) and Aver-
age Symmetric Surface Distance (ASSD)—are re-
ported separately in the Qualitative Evaluation sub-
section. These metrics offer a more in-depth anal-
ysis of boundary-level detection accuracy and are
discussed in the context of representative visual
segmentation outcomes and comparative scenarios.

The summarized results for each dataset are
presented below, while complete numerical tables
and ROC visualizations are provided in B and D,
respectively.

4.3.1 FBTS Dataset Evaluation

The FBTS dataset was utilized to evaluate the
proposed SOFAN-UNet model across three brain
tumor categories: Meningioma, Glioma, and Pitu-
itary. Previous studies using U-Net architectures
have reported a tendency toward overfitting [93],
particularly in cases of class imbalance or lim-
ited morphological diversity. To address this, a
single-stage data augmentation strategy was inte-
grated during training, as detailed in Section 3.1,
to improve generalization while maintaining archi-
tectural simplicity.

Performance on Training, Validation, and Test-
ing Splits

Table 3 reports the model’s testing perfor-
mance across the three tumor classes. Meningioma
achieved the highest Dice Similarity Coefficient
(DSC = 0.9304) and Jaccard Index (JI = 0.8699),
supported by a low loss (0.0035) and nearly perfect
accuracy (0.9991). For Pituitary tumors, DSC and
JI values were 0.8591 and 0.7539, respectively. The
Glioma, structurally more complex and infiltrative,
showed slightly reduced scores (DSC = 0.8053; JI =
0.6770), although accuracy remained high (0.9921).
These results indicate that the model effectively de-
lineated tumor regions across varying spatial mor-
phologies.
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Table 3. Testing performance on the FBTS dataset
(with augmentation).

Tumor Class Accuracy DSC JI Loss
Meningioma 0.9991 0.9304 0.8699 0.0035
Glioma 0.9921 0.8053 0.6770 0.0493
Pituitary 0.9981 0.8591 0.7539 0.0120

Impact of Data Augmentation

To evaluate the effectiveness of augmentation,
models trained with and without augmentation were
compared across the training, validation, and test-
ing phases. As visualized in Figure 5, augmentation
led to performance improvements across all tumor
types, particularly in region-based metrics (DSC
and JI). Table 4 summarizes the percentage-point
gains observed during testing. Glioma segmen-
tation experienced the greatest improvement, with
DSC increasing by 11.73 p.p. and JI by 14.99 p.p.
For the Pituitary, the DSC increased by 5.48 p.p.,
while Meningioma exhibited marginal gains due to
its already strong baseline.

Table 4. Performance difference (in percentage
points) from augmentation on FBTS testing phase.

Class Accuracy Loss DSC Gain JI Gain
Meningioma +0.11 –0.0019 +0.28 +0.46
Glioma +0.32 +0.0112 +11.73 +14.99
Pituitary 0.00 +0.0037 +5.48 +7.96

Cross-Validation Results

Five-fold cross-validation (5F-CV) was con-
ducted to evaluate generalization consistency. As
presented in Table 5, the median DSC values were
0.9485 for Meningioma, 0.9214 for Glioma, and
0.9246 for Pituitary. Pituitary also showed the low-
est standard deviation (0.0391), indicating stable
learning. Meningioma presented the largest vari-
ance (std = 0.1785), although its performance re-
mained high, suggesting sensitivity to outlier cases
rather than model inconsistency.

Table 5. Summary statistics from 5-fold
cross-validation on FBTS dataset.

Tumor Class DSC Mean DSC Std JI Mean JI Std
Meningioma 0.8383 0.1785 0.7588 0.2332
Glioma 0.8918 0.0836 0.8151 0.1254
Pituitary 0.9191 0.0391 0.8530 0.0660

Visual and Statistical Interpretation

Qualitative results, shown in Figure 7, demon-
strate close visual alignment between predictions
and ground truth. Meningioma and Pituitary masks
aligned particularly well. Glioma boundaries exhib-
ited greater diffuseness, consistent with their clini-
cal heterogeneity.

Statistical significance testing further vali-
dated segmentation performance. Pituitary tu-
mors yielded the highest statistical confidence (t
= 4.9182, p = 0.0079), followed by Glioma (t =
3.6365, p = 0.022) and Meningioma (t = 2.7717,
p = 0.0502). These results indicate that SOFAN-
UNet consistently outperformed baseline expecta-
tions across all tumor classes, with particularly
strong reliability in structurally simpler tumors.

ROC-AUC Evaluation

Lastly, the model achieved near-perfect sepa-
rability on pixel-level classification across tumor
types. ROC-AUC values ranged from 0.9994
to 1.0000 for Meningioma, 0.9999 to 1.0000 for
Glioma, and exactly 1.0000 for Pituitary (see D).
These outcomes reinforce the model’s ability to
distinguish tumor from background under varying
thresholds, even in classes with lower segmentation
overlap scores.

Overall, the FBTS dataset evaluation confirms
that SOFAN-UNet performs robustly across distinct
tumor morphologies. The augmentation strategy
contributed significantly to enhanced overlap-based
metrics, especially for Glioma. The combination
of strong testing scores, stable cross-validation, sta-
tistical confidence, and visual congruency under-
scores the model’s effectiveness and potential clini-
cal relevance for brain tumor segmentation.

4.3.2 BraTS 2021 Dataset Evaluation (Whole
Tumor Masks)

The BraTS 2021 dataset was used to evaluate
the performance of SOFAN-UNet in segmenting
whole-tumor regions across four MRI modalities:
FLAIR, T1, T2, and T1CE. This dataset presents
increased variability in tumor structure and contrast
intensity, offering a more challenging benchmark
for validating model generalization under multi-
modal input conditions.
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Table 6. Segmentation performance on BraTS
2021 dataset (Testing Phase).

Modality Accuracy DSC JI Loss
FLAIR 0.9938 0.8969 0.8160 0.0240
T1 0.9892 0.8254 0.7032 0.0453
T2 0.9927 0.8737 0.7769 0.0382
T1CE 0.9903 0.8254 0.7034 0.0560

Table 6 reports the test performance for each
modality, focusing on Accuracy, Dice Similarity
Coefficient (DSC), Jaccard Index (JI), and cross-
entropy Loss. Among the modalities, FLAIR
achieved the highest segmentation performance,
with a DSC of 0.8969 and a JI of 0.8160. This is
consistent with the role of FLAIR in highlighting
peritumoral edema, providing a clearer delineation
of the tumor boundaries. T1CE showed a DSC of
0.8254 and a JI of 0.7034, reflecting its contrast-
enhanced delineation of the tumor core. The native
T1 and T2 modalities showed relatively lower met-
rics, but maintained consistent segmentation qual-
ity, with DSC scores of 0.8254 and 0.8737, respec-
tively.

To explore the consistency of segmentation per-
formance, a five-fold cross-validation (5F-CV) was
conducted, with the summarized results shown in
Table 7. FLAIR again demonstrated the most ro-
bust segmentation, with a mean DSC of 0.9265
(±0.0317), and a narrow interquartile range, sug-
gesting stable performance across patient subsets.
T1CE also exhibited strong reliability with a mean
DSC of 0.8992 and a median of 0.9343. The
slightly higher variance in T1 and T2 was likely due
to the reduced contrast between the tumor and the
surrounding tissue.

Table 7. Results of five-fold cross-validation
performance on BraTS 2021 dataset.

Modality DSC (Mean ± Std) Median Q1 Q3
FLAIR 0.9265 ± 0.0317 0.9459 0.9016 0.9459
T1 0.8653 ± 0.0800 0.8800 0.7967 0.9363
T2 0.9117 ± 0.0726 0.9493 0.9052 0.9579
T1CE 0.8992 ± 0.0606 0.9343 0.8761 0.9439

Statistical validation was conducted using t-
tests to assess the confidence of observed per-
formance. FLAIR yielded the highest t-statistic
(5.5228) with a p-value of 0.0052, followed by
T1CE (t = 4.4018, p = 0.0117). These results in-

dicate strong, consistent segmentation performance
across modalities, particularly for those that capture
edema (FLAIR) or enhancing tumor cores (T1CE).
All modalities demonstrated statistically significant
gains (p ¡ 0.05), which confirms the precision of the
segmentation under varied contrast conditions.

ROC-AUC analysis provided further support
for these findings. As summarized in D, AUC
values ranged from 0.9997 to 1.0000 for FLAIR,
0.9999 to 1.0000 for both T1 and T2, and 0.9999
to 1.0000 for T1CE. These near-perfect values re-
inforce the model’s discriminative capability and
confirm its ability to accurately classify tumor ver-
sus background pixels under varying contrast con-
ditions.

Visual inspection (D) confirms that the ROC
curves for each modality exhibit steep ascent and
high sensitivity, particularly for FLAIR and T1CE.
This performance is attributable to the model’s
PSO-optimized attention mechanism, which effec-
tively adapts to the spatial patterns presented across
multimodal MRI sequences.

Collectively, the results on BraTS 2021 suggest
that SOFAN-UNet not only generalizes well across
patient-level variations but also performs consis-
tently under different imaging modalities. Integra-
tion of preprocessing, attention design, and aug-
mentation strategies ensured robust segmentation,
particularly for modalities sensitive to tumor edema
and enhancement.

BraTS 2018 Evaluation (HGG and LGG)

The BraTS 2018 dataset includes High-Grade
Glioma (HGG) and Low-Grade Glioma (LGG)
cases, allowing us to assess SOFAN-UNet’s adapt-
ability across tumor grades with distinct imag-
ing characteristics. Each case includes four MRI
modalities: FLAIR, T1, T2, and T1CE, and the seg-
mentation task targets the whole tumor region. The
evaluation results span training, validation, testing,
and five-fold cross-validation (5F-CV), providing
a comprehensive performance profile across both
HGG and LGG subtypes.

High-Grade Glioma (HGG) Evaluation.

Table 8 presents test phase segmentation met-
rics for HGG cases. FLAIR achieved the best
performance, with a DSC of 0.8414 and a JI of
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Table 6. Segmentation performance on BraTS
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T1 0.9892 0.8254 0.7032 0.0453
T2 0.9927 0.8737 0.7769 0.0382
T1CE 0.9903 0.8254 0.7034 0.0560

Table 6 reports the test performance for each
modality, focusing on Accuracy, Dice Similarity
Coefficient (DSC), Jaccard Index (JI), and cross-
entropy Loss. Among the modalities, FLAIR
achieved the highest segmentation performance,
with a DSC of 0.8969 and a JI of 0.8160. This is
consistent with the role of FLAIR in highlighting
peritumoral edema, providing a clearer delineation
of the tumor boundaries. T1CE showed a DSC of
0.8254 and a JI of 0.7034, reflecting its contrast-
enhanced delineation of the tumor core. The native
T1 and T2 modalities showed relatively lower met-
rics, but maintained consistent segmentation qual-
ity, with DSC scores of 0.8254 and 0.8737, respec-
tively.

To explore the consistency of segmentation per-
formance, a five-fold cross-validation (5F-CV) was
conducted, with the summarized results shown in
Table 7. FLAIR again demonstrated the most ro-
bust segmentation, with a mean DSC of 0.9265
(±0.0317), and a narrow interquartile range, sug-
gesting stable performance across patient subsets.
T1CE also exhibited strong reliability with a mean
DSC of 0.8992 and a median of 0.9343. The
slightly higher variance in T1 and T2 was likely due
to the reduced contrast between the tumor and the
surrounding tissue.

Table 7. Results of five-fold cross-validation
performance on BraTS 2021 dataset.

Modality DSC (Mean ± Std) Median Q1 Q3
FLAIR 0.9265 ± 0.0317 0.9459 0.9016 0.9459
T1 0.8653 ± 0.0800 0.8800 0.7967 0.9363
T2 0.9117 ± 0.0726 0.9493 0.9052 0.9579
T1CE 0.8992 ± 0.0606 0.9343 0.8761 0.9439

Statistical validation was conducted using t-
tests to assess the confidence of observed per-
formance. FLAIR yielded the highest t-statistic
(5.5228) with a p-value of 0.0052, followed by
T1CE (t = 4.4018, p = 0.0117). These results in-

dicate strong, consistent segmentation performance
across modalities, particularly for those that capture
edema (FLAIR) or enhancing tumor cores (T1CE).
All modalities demonstrated statistically significant
gains (p ¡ 0.05), which confirms the precision of the
segmentation under varied contrast conditions.

ROC-AUC analysis provided further support
for these findings. As summarized in D, AUC
values ranged from 0.9997 to 1.0000 for FLAIR,
0.9999 to 1.0000 for both T1 and T2, and 0.9999
to 1.0000 for T1CE. These near-perfect values re-
inforce the model’s discriminative capability and
confirm its ability to accurately classify tumor ver-
sus background pixels under varying contrast con-
ditions.

Visual inspection (D) confirms that the ROC
curves for each modality exhibit steep ascent and
high sensitivity, particularly for FLAIR and T1CE.
This performance is attributable to the model’s
PSO-optimized attention mechanism, which effec-
tively adapts to the spatial patterns presented across
multimodal MRI sequences.

Collectively, the results on BraTS 2021 suggest
that SOFAN-UNet not only generalizes well across
patient-level variations but also performs consis-
tently under different imaging modalities. Integra-
tion of preprocessing, attention design, and aug-
mentation strategies ensured robust segmentation,
particularly for modalities sensitive to tumor edema
and enhancement.

BraTS 2018 Evaluation (HGG and LGG)

The BraTS 2018 dataset includes High-Grade
Glioma (HGG) and Low-Grade Glioma (LGG)
cases, allowing us to assess SOFAN-UNet’s adapt-
ability across tumor grades with distinct imag-
ing characteristics. Each case includes four MRI
modalities: FLAIR, T1, T2, and T1CE, and the seg-
mentation task targets the whole tumor region. The
evaluation results span training, validation, testing,
and five-fold cross-validation (5F-CV), providing
a comprehensive performance profile across both
HGG and LGG subtypes.

High-Grade Glioma (HGG) Evaluation.

Table 8 presents test phase segmentation met-
rics for HGG cases. FLAIR achieved the best
performance, with a DSC of 0.8414 and a JI of
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0.7264. T2 also showed strong performance (DSC
= 0.8187), consistent with its role in capturing fluid-
sensitive tumor regions. T1CE and T1 yielded
slightly lower values, likely due to a heteroge-
neous contrast response on post-treatment HGG
scans. Nevertheless, all modalities achieved accu-
racy greater than 0.985, and losses remained low.

Table 8. Testing results on BraTS 2018 HGG cases
(whole tumor mask).

Modality Accuracy DSC JI Loss
FLAIR 0.9922 0.8414 0.7264 0.0253
T1 0.9868 0.7071 0.5470 0.0584
T2 0.9903 0.8187 0.6931 0.0372
T1CE 0.9855 0.7515 0.6020 0.0591

The 5F-CV summary for HGG (Table 9) reveals
a robust median DSC of 0.8869 (FLAIR), 0.7872
(T1), and 0.7957 (T2), with T1CE slightly lower at
0.8305. The lowest DSC variability was observed
for T2 (std = 0.0714), suggesting consistent spatial
boundary recognition. FLAIR and T1, on the con-
trary, exhibited wider interquartile ranges, indica-
tive of inter-subject variability in edema or post-
contrast effects.

Table 9. Five-fold cross-validation results on
BraTS 2018 HGG cases.

Modality DSC (Mean ± Std) Median Q1 Q3
FLAIR 0.8143 ± 0.1453 0.8869 0.8448 0.8918
T1 0.7460 ± 0.1562 0.7872 0.5806 0.8755
T2 0.8152 ± 0.0714 0.7957 0.7688 0.8813
T1CE 0.8075 ± 0.0992 0.8305 0.7106 0.8877

Statistical analysis results further support the re-
liability of these findings. All modalities achieved
statistically significant t-statistics (e.g. FLAIR t =
6.0001, p = 0.0039), strengthening confidence in
segmentation consistency across patient subsets.

Low-Grade Glioma (LGG) Evaluation.

Table 10 summarizes the testing results in LGG
cases. Here, the best performance was achieved
with T1CE (DSC = 0.9799), followed closely by
T2 (DSC = 0.9292). These modalities support
improved visualization of slow-growing lesions,
which often have less enhancement and subtler
boundaries.

Table 10. Testing results on BraTS 2018 LGG
cases (whole tumor mask).

Modality Accuracy DSC JI Loss
FLAIR 0.9840 0.6993 0.5376 0.0825
T1 0.9852 0.7007 0.5393 0.0694
T2 0.9935 0.9292 0.8678 0.0238
T1CE 0.9983 0.9799 0.9606 0.0041

The summary of 5F-CV in Table 11 shows that
T1CE and T2 achieved the highest mean DSCs
(0.9329 and 0.8935, respectively), indicating their
superior ability to segment low-contrast tumor re-
gions. FLAIR and T1 demonstrated lower mean
values, reflecting the challenges in capturing diffuse
and subtly demarcated LGG structures.

Table 11. Five-fold cross-validation results on
BraTS 2018 LGG cases.

Modality DSC (Mean ± Std) Median Q1 Q3
FLAIR 0.6680 ± 0.1946 0.7106 0.5436 0.8480
T1 0.7612 ± 0.1001 0.7427 0.7339 0.8608
T2 0.8935 ± 0.0751 0.9211 0.9200 0.9261
T1CE 0.9329 ± 0.0201 0.9234 0.9183 0.9558

The visual segmentation quality for LGG was
generally high, especially in enhanced T1CE se-
quences. ROC-AUC values also confirmed high
model confidence, ranging from 0.9985 to 1.0000
across all modalities. T1CE achieved the tightest
curve proximity to the top-left ROC corner, indicat-
ing minimal false positives and reliable boundary
prediction. These results are visualized in D.

Statistical tests (e.g., t = 9.5734 for FLAIR, p =
0.0007) verified consistent improvements and con-
firmed that augmentation, preprocessing, and atten-
tion modules contributed to robust segmentation.
LGG segmentation showed smaller standard devia-
tions, indicating stable boundary localization across
diverse tumor representations.

The segmentation performance on BraTS 2018
confirms the effectiveness of SOFAN-UNet in
adapting to both aggressive (HGG) and indolent
(LGG) tumor types. Despite varying enhancement
profiles and tissue contrasts, the model consistently
achieved strong DSC and JI values, especially when
utilizing contrast-enhanced modalities (T1CE) or
fluid-sensitive sequences (T2). Statistical and vi-
sual evaluation further demonstrated that the model
maintained high confidence across grade, modality,
and patient variation.
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4.3.3 Quantitative Summary of Testing Perfor-
mance

To provide an overall perspective on SOFAN-
UNet’s segmentation performance, Table 12 sum-
marizes the final testing metrics across all datasets.
The table reports Accuracy, Dice Similarity Co-
efficient (DSC), Jaccard Index (JI), and Loss for
each tumor class (FBTS) and modality (BraTS 2021
and 2018, including HGG and LGG). These results
serve as a consolidated benchmark of the model’s
generalization and segmentation capability under
different imaging and anatomical conditions.

In addition to ROC-AUC curves, the distribu-
tion of per-image metrics including AUC, DSC, JI,
Precision, Recall, F1-score, and MCC is visualized
in C to illustrate performance consistency and out-
liers across the test set.

Cross-Dataset Overview.

Across all datasets, SOFAN-UNet demon-
strated stable segmentation performance. The ac-
curacy consistently exceeded 0.98, and most DSC
scores remained above 0.80. The highest over-
lap accuracy was observed in LGG–T1CE and
FBTS–Meningioma, while more variable tumors,
such as FBTS–Glioma and HGG–T1, reported
slightly lower overlap scores, consistent with their
morphological complexity. The loss values were
acceptably low in all cases, reflecting stable opti-
mization across domains.

4.4 Qualitative Evaluation

To complement the quantitative analysis, this
section presents a qualitative evaluation of SOFAN-
UNet’s segmentation results across FBTS, BraTS
2021, and BraTS 2018 datasets. This includes
overlay visualizations of predicted and ground truth
masks, supported by per-sample metrics—Dice
Similarity Coefficient (DSC), Jaccard Index (JI),
Hausdorff Distance (HD), and Average Symmet-
ric Surface Distance (ASSD). These results offer
insight into model behavior on diverse anatomical
presentations and imaging modalities.

4.4.1 FBTS Dataset—Tumor Class Evaluation

Figure 7 shows segmentation overlays for three
tumor classes: Meningioma, Glioma, and Pituitary.
The corresponding evaluation metrics are provided
in Table 13.

Figure 7. FBTS segmentation results. Ground
truth contours (red) and predicted boundaries

(yellow) for Meningioma, Glioma, and Pituitary
cases. Includes error heatmaps and attention

overlays.

Each visualization in Figure 7 includes an er-
ror heatmap and an attention overlay. The er-
ror heatmaps illustrate minor segmentation dis-
crepancies, primarily along the tumor boundaries.
In the Meningioma and Pituitary cases, errors
were localized and minimal, demonstrating that
SOFAN-UNet maintained accurate delineation in
well-defined tumors. The Glioma case revealed a
more widespread deviation, particularly along ir-
regular margins, consistent with the diffuse struc-
ture of the tumor. Attention heatmaps showed
strong central focus for all three tumors, confirming
that the model effectively captured the tumor cores,
even in morphologically complex scenarios such as
Glioma.

Table 13. Per-sample segmentation metrics on
FBTS dataset.

Sample DSC JI HD ASSD
Meningioma 0.9885 0.9773 1.0000 0.0114
Glioma 0.9665 0.9351 1.4142 0.0353
Pituitary 0.9757 0.9526 1.0000 0.0243

These results confirm that segmentation quality
is consistent across tumor types. Meningioma and
Pituitary examples show nearly perfect overlap and
low contour deviation. Glioma, with more irregu-
lar boundaries, had slightly higher HD and ASSD,
although it still achieved strong overlap metrics.
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Table 12. Summary of testing performance across datasets using SOFAN-UNet.

Dataset Class / Modality Accuracy DSC JI Loss

FBTS
Meningioma 0.9991 0.9304 0.8699 0.0035
Glioma 0.9921 0.8053 0.6770 0.0493
Pituitary 0.9981 0.8591 0.7539 0.0120
FLAIR 0.9938 0.8969 0.8160 0.0240

BraTS T1 0.9892 0.8254 0.7032 0.0453
2021 T2 0.9927 0.8737 0.7769 0.0382

T1CE 0.9903 0.8254 0.7034 0.0560
FLAIR 0.9922 0.8414 0.7264 0.0253

BraTS 2018 T1 0.9868 0.7071 0.5470 0.0584
(HGG) T2 0.9903 0.8187 0.6931 0.0372

T1CE 0.9855 0.7515 0.6020 0.0591
FLAIR 0.9840 0.6993 0.5376 0.0825

BraTS 2018 T1 0.9852 0.7007 0.5393 0.0694
(LGG) T2 0.9935 0.9292 0.8678 0.0238

T1CE 0.9983 0.9799 0.9606 0.0041

4.4.2 BraTS 2021—Modality-Based Evalua-
tion

Figure 8 presents segmentation outputs for four
modalities. Table 14 summarizes their correspond-
ing spatial metrics.

Figure 8. BraTS 2021 segmentation overlays for
FLAIR, T1, T1CE, and T2 modalities.

In Figure 8, both the error heatmaps and atten-
tion overlays are presented for each MRI modal-
ity. T1CE and FLAIR exhibited the most precise
predictions, as indicated by minimal error bound-
aries and tightly concentrated attention in tumor re-
gions. T1 and T2 also showed strong attention lo-
calization, although slight pixel-level boundary de-
viations were visible in the error maps, particu-
larly at less-contrast margins. Overall, the atten-

tion overlays confirm that SOFAN-UNet accurately
internalized modality-specific features and directed
focus toward informative tumor regions, contribut-
ing to its consistent performance across imaging se-
quences.

Table 14. Per-sample metrics for BraTS 2021
dataset.

Modality DSC JI HD ASSD
FLAIR 0.9897 0.9795 1.4142 0.0104
T1 0.9934 0.9869 1.0000 0.0066
T2 0.9921 0.9843 1.0000 0.0079
T1CE 0.9959 0.9919 1.0000 0.0041

Among modalities, T1CE achieved the best spa-
tial performance, closely followed by T1 and T2.
All exhibited precise boundaries and minimal spa-
tial deviation, as reflected by the low HD and ASSD
values. The consistency across modalities confirms
the model’s robustness to varying MRI contrast set-
tings.

4.4.3 BraTS 2018—HGG and LGG Visual
Analysis

Figures 9 and 10 provide overlay results for
HGG and LGG samples, with per-modality scores
in Tables 15 and 16.
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Figure 9. Segmentation examples for BraTS 2018
HGG: FLAIR, T1, T1CE, T2.

Figure 9 includes error and attention heatmaps
for high-grade glioma segmentation. The T1 and
T1CE modalities demonstrated minimal spatial er-
ror and high attention concentration, particularly in
enhancing tumor regions. FLAIR and T2 exhibited
slightly higher peripheral error spread, attributed to
edema and infiltrative growth patterns. Attention
overlays in these modalities still maintained cover-
age over core tumor areas. These results suggest
that even in complex, multifocal lesions character-
istic of HGG, the model sustained effective atten-
tion allocation and high-precision segmentation.

Table 15. Per-sample metrics for BraTS 2018
HGG cases.

Modality DSC JI HD ASSD
FLAIR 0.9769 0.9549 2.8284 0.0266
T1 0.9899 0.9800 1.4142 0.0101
T2 0.9820 0.9647 2.2361 0.0193
T1CE 0.9889 0.9781 2.0000 0.0114

T1CE and T1 provided the most accurate
boundary delineation. Despite moderate HD in
FLAIR and T2, overall DSC and JI remained
strong—highlighting effective tumor region seg-
mentation even in infiltrative areas.

Figure 10. Segmentation examples for BraTS
2018 LGG: FLAIR, T1, T1CE, T2.

As shown in Figure 10, low-grade glioma
(LGG) samples yielded mixed segmentation re-
sults across modalities. The error heatmaps for
T1 revealed extensive deviation near the bound-
aries, consistent with the high Hausdorff Distance
(HD = 10.0) and low JI (0.8216). In contrast,
T1CE and FLAIR showed improved contour align-
ment, supported by more focused attention over tu-
mor regions. The attention heatmaps for T1 ap-
peared more diffuse, likely reflecting the subtle in-
tensity gradients in LGG. These observations indi-
cate that for low-contrast tumor representations, the
model’s prediction uncertainty rises, but attention-
based mechanisms help recover spatial context in
contrast-enhanced sequences.

Table 16. Per-sample metrics for BraTS 2018
LGG cases.

Modality DSC JI HD ASSD
FLAIR 0.9767 0.9545 3.6056 0.0280
T1 0.9020 0.8216 10.0000 0.2390
T2 0.9759 0.9529 3.0000 0.0286
T1CE 0.9900 0.9802 6.4031 0.0182

The T1 modality showed a lower segmen-
tation quality for LGG, with the highest HD
and ASSD values, indicating structural ambigu-
ity. In contrast, T1CE achieved strong overlap
and boundary precision. These differences illus-
trate that certain modalities—especially contrast-
enhanced—are more informative for LGG segmen-
tation.

4.4.4 Interpretation and Visual Findings

Visual analysis confirmed that high DSC and
JI consistently correspond to accurate spatial over-
lays, with HD and ASSD contextualizing boundary
precision. Samples with strong enhancement (e.g.,
T1CE) yielded optimal segmentation across tumor
grades. In contrast, low-contrast modalities (e.g.
LGG-T1) introduced greater spatial uncertainty.
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Overall, SOFAN-UNet demonstrated robust
segmentation consistency, with error heatmaps
showing minimal deviation. These insights validate
its suitability for clinical neuroimaging scenarios
where tumor morphology and modality character-
istics vary considerably.

4.5 Comparison with State-of-the-Art
Methods

To rigorously evaluate the effectiveness of
SOFAN-UNet, we conducted a comparative study
against state-of-the-art (SOTA) models across three
benchmark datasets—FBTS, BraTS 2021, and
BraTS 2018—using Dice Similarity Coefficient
(DSC) and Jaccard Index (JI) as the primary eval-
uation metrics.

4.5.1 FBTS Dataset

Table 17 presents the performance comparison
with 13 prior methods. The proposed SOFAN-
UNet achieved the highest DSC of 0.9523 and JI of
0.9097, outperforming architectures such as Mask
RCNN, UNet-AG, ResUNet-TL, and UNet-T-PSO.
These results underscore the consistent segmenta-
tion alignment across three tumor classes.

Table 17. Comparison with SOTA methods on
FBTS dataset.

Method DSC JI
EAV-UNet [94] 0.7680 0.8420
CD-SL [95] 0.8003 0.9074
Modified ResNet (CRF-TL)[96] 0.8300 0.8400
ResUNet101[97] 0.8369 0.8500
MST-based [98] 0.8469 0.7443
Ensemble UNet-ResNet [99] 0.8731 0.7902
KFCM-CNN [100] 0.8884 0.8204
DLV3+ResNet18 [101] 0.9124 0.9340
ResUnet-TL [102] 0.9194 0.9495
UNet-T-PSO [58] 0.9312 0.8722
CCN-PR-Seg-net [103] 0.9330 0.8820
Mask RCNN [104] 0.9500 –
UNet-AG [18] 0.9483 0.9037
Proposed Method 0.9523 0.9097

The proposed method benefits from multi-
level attention refinement combined with PSO-
optimized hyperparameters. Where classical UNet-
based methods (e.g., ResUNet101 or Modified
ResNet CRF-TL) struggled with spatial generaliza-
tion, SOFAN-UNet delivered robust results, even

across heterogeneous tumor types such as Glioma.
This improvement is attributed to the synergy be-
tween spatial self-attention and channel-wise recal-
ibration, enhancing the model’s sensitivity to ir-
regular boundaries and low-contrast lesions. The
observed performance gains validate the impact of
our preprocessing and architectural enhancements
in mitigating overfitting and boosting feature dis-
crimination.

4.5.2 BraTS 2021 Dataset

Table 18 compares the segmentation results on
BraTS 2021. SOFAN-UNet surpassed the previ-
ous best results with a DSC of 0.9598 and a JI of
0.9196, outperforming DenseUNet+ (0.9500 DSC),
PSO-UNet (0.9578), and UNet-AG (0.9521). The
gains were consistent across all modalities, with ro-
bust generalization from T1 to FLAIR.

Table 18. Comparison with SOTA methods on
BraTS 2021 dataset.

Method DSC JI
ViT-24 [105] 0.8048 –
2-Cascaded U-Net [106] 0.8370 –
U-Net [107] 0.8600 0.7807
ResU-Net [108] 0.8841 –
UNCE-NODE [109] 0.8949 –
SPPNet-1 [110] 0.8999 –
SPPNet-2 [110] 0.9040 –
ViT-self-attention [111] 0.9176 –
MS-SegNet [112] 0.9200 –
U-Net ASPP EVO [113] 0.9251 –
DenseUNet+ [114] 0.9500 0.8800
PSO-UNet [21] 0.9578 0.9194
UNet-AG [18] 0.9521 0.9093
Proposed Method 0.9598 0.9196

The superior performance is supported by
multi-scale fusion within the attention module
and PSO-optimized configurations that dynami-
cally adjust learning rate and regularization. Un-
like Transformer-based methods (e.g., ViT-self-
attention), which require extensive data to con-
verge, our model maintains high performance with
fewer samples per modality. Furthermore, the ar-
chitectural design captures the modality-invariant
features, enabling efficient integration of the signal
characteristics across T1, T1CE, T2, and FLAIR.
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4.5.3 BraTS 2018 Dataset

Table 19 presents the results on BraTS 2018,
showing SOFAN-UNet as the best performer with
a DSC of 0.9458. This is a substantial margin over
the next-best method, Ensemble AR-Net (0.9100),
and is significantly higher than classical U-Net
(0.8440) or ResU-Net (0.8670).

Table 19. Comparison with SOTA methods on
BraTS 2018 dataset.

Method DSC
U-Net [115] 0.8440
U-Net-FCN [116] 0.8600
ResU-Net [117] 0.8670
V-Net+CRF 0.8718
Ensemble CA-Net 0.8762
Ensemble Net [118] 0.8810
MCCNN-CRFs 0.8824
BrainSeg-Net [119] 0.8940
Cascaded Networks [120] 0.8956
U-Net-prep [121] 0.9000
OM-Net [122] 0.9074
Ensemble AR-Net [123] 0.9100
DCNN-F-SVM [124] 0.8958
Proposed Method 0.9458

The most notable challenge in BraTS 2018
is LGG segmentation, which often suffers from
poorly defined edges and weak contrast. SOFAN-
UNet mitigates this by using hybrid attention gates
and PSO-tuned dropout and filter settings, resulting
in sharper localization. Unlike ensemble-based sys-
tems, which often trade interpretability for perfor-
mance, our single unified architecture achieves su-
perior results while remaining computationally effi-
cient.

Summary Across Datasets

The proposed method demonstrates a consis-
tent edge across all datasets. Integration of spatial-
channel attention, hybrid preprocessing, and PSO-
driven optimization provides both robustness and
flexibility. The model adapts well to varying tu-
mor types and modalities, ensuring high segmenta-
tion accuracy without requiring post-processing or
dataset-specific tuning.

5 Discussion and Limitations

This section discusses the overall outcomes of
our proposed SOFAN-UNet model, supported by
ablation experiments and extended metric evalua-
tions across three datasets: FBTS, BraTS 2021, and
BraTS 2018. The emphasis is on evaluating archi-
tectural contributions, generalization trends, and ar-
eas where segmentation performance remains lim-
ited.

5.1 Ablation Study of Attention and Opti-
mization Components

To isolate the individual contributions of
channel-wise attention, spatial self-attention, and
PSO-based parameter tuning, we conducted a struc-
tured ablation study. Five model variants were
evaluated under identical training, validation, and
preprocessing settings to ensure a fair comparison.
The evaluated configurations are summarized in Ta-
ble 20.

Table 21. Quantitative ablation results on the
validation set under identical training and

preprocessing settings.

Variant DSC ↑ JI ↑
A: U-Net 0.8762 0.8891
B: U-Net + SE 0.9372 0.8826
C: U-Net + Self-Attention 0.9494 0.9039
D: SE + Self-Attention 0.9526 0.9097
E: SOFAN-UNet 0.9671 0.9363

Table 21 reports the quantitative results of the
ablation study designed to disentangle the contribu-
tions of channel recalibration (SE), spatial depen-
dency modeling (Self-Attention), and PSO-based
tuning. Relative to the baseline U-Net (Vari-
ant A) [89], introducing SE attention (Variant B)
substantially improves DSC, reflecting more ef-
fective channel-wise feature recalibration that en-
hances tumor-relevant activations while suppress-
ing redundant responses. Self-Attention alone
(Variant C) yields further gains, indicating im-
proved modeling of long-range spatial dependen-
cies and enhanced boundary coherence in challeng-
ing regions.

Combining both attention mechanisms (Vari-
ant D) provides additional improvement over either
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Ensemble AR-Net [123] 0.9100
DCNN-F-SVM [124] 0.8958
Proposed Method 0.9458

The most notable challenge in BraTS 2018
is LGG segmentation, which often suffers from
poorly defined edges and weak contrast. SOFAN-
UNet mitigates this by using hybrid attention gates
and PSO-tuned dropout and filter settings, resulting
in sharper localization. Unlike ensemble-based sys-
tems, which often trade interpretability for perfor-
mance, our single unified architecture achieves su-
perior results while remaining computationally effi-
cient.

Summary Across Datasets

The proposed method demonstrates a consis-
tent edge across all datasets. Integration of spatial-
channel attention, hybrid preprocessing, and PSO-
driven optimization provides both robustness and
flexibility. The model adapts well to varying tu-
mor types and modalities, ensuring high segmenta-
tion accuracy without requiring post-processing or
dataset-specific tuning.

5 Discussion and Limitations

This section discusses the overall outcomes of
our proposed SOFAN-UNet model, supported by
ablation experiments and extended metric evalua-
tions across three datasets: FBTS, BraTS 2021, and
BraTS 2018. The emphasis is on evaluating archi-
tectural contributions, generalization trends, and ar-
eas where segmentation performance remains lim-
ited.

5.1 Ablation Study of Attention and Opti-
mization Components

To isolate the individual contributions of
channel-wise attention, spatial self-attention, and
PSO-based parameter tuning, we conducted a struc-
tured ablation study. Five model variants were
evaluated under identical training, validation, and
preprocessing settings to ensure a fair comparison.
The evaluated configurations are summarized in Ta-
ble 20.

Table 21. Quantitative ablation results on the
validation set under identical training and

preprocessing settings.

Variant DSC ↑ JI ↑
A: U-Net 0.8762 0.8891
B: U-Net + SE 0.9372 0.8826
C: U-Net + Self-Attention 0.9494 0.9039
D: SE + Self-Attention 0.9526 0.9097
E: SOFAN-UNet 0.9671 0.9363

Table 21 reports the quantitative results of the
ablation study designed to disentangle the contribu-
tions of channel recalibration (SE), spatial depen-
dency modeling (Self-Attention), and PSO-based
tuning. Relative to the baseline U-Net (Vari-
ant A) [89], introducing SE attention (Variant B)
substantially improves DSC, reflecting more ef-
fective channel-wise feature recalibration that en-
hances tumor-relevant activations while suppress-
ing redundant responses. Self-Attention alone
(Variant C) yields further gains, indicating im-
proved modeling of long-range spatial dependen-
cies and enhanced boundary coherence in challeng-
ing regions.

Combining both attention mechanisms (Vari-
ant D) provides additional improvement over either
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Table 20. Ablation configurations used to disentangle the contributions of attention mechanisms and
PSO-based tuning.

Variant SE Self-Attention PSO Tuning Description
A – – – Baseline U-Net
B ✓ – – U-Net + SE attention
C – ✓ – U-Net + Self-Attention
D ✓ ✓ – Hybrid attention (SE + Self-Attention)
E ✓ ✓ ✓ SOFAN-UNet (proposed)

component individually, confirming that channel-
wise and spatial attention capture complementary
information. The complete SOFAN-UNet (Vari-
ant E) achieves the best performance across over-
lap metrics, demonstrating that PSO-based tuning
of attention-related parameters contributes an incre-
mental benefit beyond architectural attention mod-
ules alone. This improvement suggests that adap-
tive calibration of attention strength enables more
stable convergence and better generalization than
static attention configurations. Overall, the abla-
tion results confirm that the observed performance
gains arise from the synergistic integration of hy-
brid attention and lightweight optimization rather
than from any single isolated component.

5.2 Comparison with State-of-the-Art and
Related Optimized Variants

To evaluate the effectiveness of the proposed
SOFAN-UNet in a broader context, we conducted
a comparative analysis against a range of optimized
U-Net variants and state-of-the-art approaches, in-
cluding PSO-Tuned U-Net (hyperparameter tun-
ing), PSO-UNet (with optimized convolutional
weights), PSO-IE-UNet (focused on preprocess-
ing enhancement), and attention-integrated versions
such as UNet-AG and UNet-AG-Prep. These meth-
ods represent different design philosophies and op-
timization targets rather than controlled component
removals. Table 22 summarizes the performance
across Dice Similarity Coefficient (DSC), Jaccard
Index (JI), the parameter count, and the runtime.

The results highlight the effectiveness of PSO-
driven optimization and data augmentation. In par-
ticular, the PSO-UNet variant achieved significant
accuracy improvements while using fewer parame-
ters and reducing inference time. The full SOFAN-
UNet model with augmentation and five-fold cross-
validation achieved a DSC of 0.9685 and JI of

0.9389—representing absolute gains of +9.26 and
+9.98 percentage points over baseline U-Net.

These results confirm that hybrid attention inte-
gration and PSO-based tuning enhance both learn-
ing efficiency and segmentation performance. Im-
portantly, this improvement is achieved without a
substantial increase in the parameter count or run-
time, validating the scalability of the proposed ap-
proach.

Although the model was evaluated across three
diverse datasets with varying tumor types and MRI
modalities, future work may consider expanding to
additional public benchmarks or real-time clinical
data to further validate the robustness of the de-
ployment. Although runtime comparisons and de-
tailed ablations (e.g., SE vs. self-attention) were not
reported individually, the experimental design en-
compasses architectural, optimization, and prepro-
cessing perspectives, offering a holistic assessment
of the proposed method.

5.3 Extended Metric Evaluation Across
Datasets

To further evaluate the effectiveness and ro-
bustness of the proposed SOFAN-UNet model, we
conducted an extended metric analysis across the
FBTS, BraTS 2021, and BraTS 2018 datasets. This
analysis includes a broad range of statistical in-
dicators beyond conventional metrics (DSC and
JI), such as Area Under the ROC Curve (AUC),
Mean Intersection over Union (IoU), Precision, Re-
call, F1-Score, and Matthews Correlation Coeffi-
cient (MCC). These metrics were aggregated by tu-
mor type or MRI modality to ensure consistent per-
formance and highlight modality-specific segmen-
tation characteristics.

Table 23 summarizes the results across all
datasets. The consistently high AUC values (mostly
above 0.999) across all tumor types and MRI
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Table 22. Ablation study comparing segmentation accuracy, parameter complexity, and runtime across
model variants.

Method DSC JI DSC ↑ JI ↑ Parameters Time (s)
vs. UNet vs. UNet

UNet [125] 0.8759 0.8391 – – 34,513,410 1960
PSO-Tuned UNet [58] 0.9220 0.8628 +4.61 +2.37 31,047,105 1711
PSO-UNet [21] 0.9525 0.9097 +7.66 +7.06 7,771,873 906
PSO-IE-UNet [89] 0.8762 0.8891 +0.03 +5.00 34,513,410 2004
UNet-AG [18] 0.9132 0.8425 +3.73 +0.34 32,110,341 1960
UNet-AG-Prep [18] 0.9334 0.8763 +5.75 +3.72 32,110,341 1960
Proposed Method 0.9162 0.8457 +4.03 +0.66 33,256,761 1300
Proposed Method (Aug) 0.9304 0.8699 +5.45 +3.08 33,256,761 1300
Proposed Method (Aug+5F-CV) 0.9685 0.9389 +9.26 +9.98 33,256,761 1300

modalities demonstrate the model’s excellent capa-
bility to distinguish tumors from background with
high confidence. In FBTS, the model achieved a
perfect AUC (1.0000) for the Meningioma and Pi-
tuitary classes and a nearly perfect AUC (0.9999)
for Glioma, reflecting strong separability in binary
classification.

In terms of spatial overlap, the mean Dice Sim-
ilarity Coefficient (DSC) remained above 0.95 for
all tumor classes in FBTS, with Pituitary achiev-
ing the highest mean DSC of 0.9648 and the low-
est standard deviation of 0.0213—indicating stable
segmentation performance on anatomically com-
pact and high-contrast tumors. Meningioma was
closely followed (DSC = 0.9671), while Glioma,
more heterogeneous in shape and intensity, showed
slightly lower DSC (0.9555) and greater variation.

For BraTS 2021, the highest mean DSC was ob-
served in the T1CE modality (0.9691), attributed to
the strong contrast enhancement highlighting tumor
borders. All other modalities also showed excel-
lent performance, with mean DSC values exceed-
ing 0.95 and mean IoU values above 0.92. Impor-
tantly, the modalities T1 and T2 also showed high
recall and precision, underscoring balanced sensi-
tivity and specificity in segmentation.

In the BraTS 2018 dataset, HGG cases con-
sistently outperformed LGG across all modalities.
For example, in the T1CE and T1 modalities, HGG
cases achieved DSC scores of 0.9400 and 0.9492,
respectively, while LGG cases scored lower (0.9418
for T1CE and 0.8999 for T1). The disparity in
HD and ASSD between HGG and LGG also high-
lights the challenge posed by LGG, due to their

less-defined tumor boundaries and lower contrast.
In particular, LGG-T1 recorded the highest HD
(10.0000) and ASSD (0.2390), indicating difficul-
ties in boundary localization.

The inclusion of MCC as a balanced metric
further validated the quality of the segmentation.
The high MCC values across the datasets (mainly
> 0.94) confirmed that the model correctly seg-
mented both the tumor and the background regions,
with a strong correlation with the ground truth, even
under class imbalance.

These results confirm several key strengths of
our proposed model:

– Modality Adaptability: The model adapts well
across various MRI modalities, particularly ex-
celling in contrast-enhanced sequences such as
T1CE.

– Class-Level Stability: Tumor classes with clear
morphology, such as Pituitary and Meningioma,
yielded stable, high-precision segmentations.

– Robustness Across Complexity: Even in the
more complex LGG and Glioma cases, the
model maintained respectable DSC and IoU val-
ues, supported by stable MCC and F1 scores.

– Low Boundary Error: ASSD and HD val-
ues remained low in most cases, especially in
the T1CE and T2 modalities, showing accurate
boundary alignment.

In general, the extended metric evaluation
demonstrates that SOFAN-UNet delivers high gen-
eralization, stability, and discriminative power
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Table 22. Ablation study comparing segmentation accuracy, parameter complexity, and runtime across
model variants.

Method DSC JI DSC ↑ JI ↑ Parameters Time (s)
vs. UNet vs. UNet

UNet [125] 0.8759 0.8391 – – 34,513,410 1960
PSO-Tuned UNet [58] 0.9220 0.8628 +4.61 +2.37 31,047,105 1711
PSO-UNet [21] 0.9525 0.9097 +7.66 +7.06 7,771,873 906
PSO-IE-UNet [89] 0.8762 0.8891 +0.03 +5.00 34,513,410 2004
UNet-AG [18] 0.9132 0.8425 +3.73 +0.34 32,110,341 1960
UNet-AG-Prep [18] 0.9334 0.8763 +5.75 +3.72 32,110,341 1960
Proposed Method 0.9162 0.8457 +4.03 +0.66 33,256,761 1300
Proposed Method (Aug) 0.9304 0.8699 +5.45 +3.08 33,256,761 1300
Proposed Method (Aug+5F-CV) 0.9685 0.9389 +9.26 +9.98 33,256,761 1300

modalities demonstrate the model’s excellent capa-
bility to distinguish tumors from background with
high confidence. In FBTS, the model achieved a
perfect AUC (1.0000) for the Meningioma and Pi-
tuitary classes and a nearly perfect AUC (0.9999)
for Glioma, reflecting strong separability in binary
classification.

In terms of spatial overlap, the mean Dice Sim-
ilarity Coefficient (DSC) remained above 0.95 for
all tumor classes in FBTS, with Pituitary achiev-
ing the highest mean DSC of 0.9648 and the low-
est standard deviation of 0.0213—indicating stable
segmentation performance on anatomically com-
pact and high-contrast tumors. Meningioma was
closely followed (DSC = 0.9671), while Glioma,
more heterogeneous in shape and intensity, showed
slightly lower DSC (0.9555) and greater variation.

For BraTS 2021, the highest mean DSC was ob-
served in the T1CE modality (0.9691), attributed to
the strong contrast enhancement highlighting tumor
borders. All other modalities also showed excel-
lent performance, with mean DSC values exceed-
ing 0.95 and mean IoU values above 0.92. Impor-
tantly, the modalities T1 and T2 also showed high
recall and precision, underscoring balanced sensi-
tivity and specificity in segmentation.

In the BraTS 2018 dataset, HGG cases con-
sistently outperformed LGG across all modalities.
For example, in the T1CE and T1 modalities, HGG
cases achieved DSC scores of 0.9400 and 0.9492,
respectively, while LGG cases scored lower (0.9418
for T1CE and 0.8999 for T1). The disparity in
HD and ASSD between HGG and LGG also high-
lights the challenge posed by LGG, due to their

less-defined tumor boundaries and lower contrast.
In particular, LGG-T1 recorded the highest HD
(10.0000) and ASSD (0.2390), indicating difficul-
ties in boundary localization.

The inclusion of MCC as a balanced metric
further validated the quality of the segmentation.
The high MCC values across the datasets (mainly
> 0.94) confirmed that the model correctly seg-
mented both the tumor and the background regions,
with a strong correlation with the ground truth, even
under class imbalance.

These results confirm several key strengths of
our proposed model:

– Modality Adaptability: The model adapts well
across various MRI modalities, particularly ex-
celling in contrast-enhanced sequences such as
T1CE.

– Class-Level Stability: Tumor classes with clear
morphology, such as Pituitary and Meningioma,
yielded stable, high-precision segmentations.

– Robustness Across Complexity: Even in the
more complex LGG and Glioma cases, the
model maintained respectable DSC and IoU val-
ues, supported by stable MCC and F1 scores.

– Low Boundary Error: ASSD and HD val-
ues remained low in most cases, especially in
the T1CE and T2 modalities, showing accurate
boundary alignment.

In general, the extended metric evaluation
demonstrates that SOFAN-UNet delivers high gen-
eralization, stability, and discriminative power
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Table 23. Extended evaluation metrics across all datasets, with statistical summaries per class/modality.

Dataset Class/Modality AUC DSC JI HD ASSD IoU Precision Recall F1 MCC

FBTS
Meningioma 1.0000 0.9671 0.9398 1.0000 0.0114 0.9398 0.9696 0.9672 0.9671 0.9672
Glioma 0.9999 0.9555 0.9169 1.4142 0.0353 0.9169 0.9540 0.9592 0.9555 0.9552
Pituitary 1.0000 0.9648 0.9327 1.0000 0.0243 0.9327 0.9770 0.9538 0.9648 0.9649

BraTS 2021

FLAIR 0.9998 0.9573 0.9258 1.4142 0.0104 0.9258 0.9692 0.9502 0.9573 0.9575
T1 0.9996 0.9566 0.9266 1.0000 0.0066 0.9266 0.9605 0.9571 0.9566 0.9566
T2 0.9998 0.9635 0.9364 1.0000 0.0079 0.9364 0.9717 0.9578 0.9635 0.9633
T1CE 0.9996 0.9691 0.9437 1.0000 0.0041 0.9437 0.9736 0.9662 0.9691 0.9687
FLAIR 0.9996 0.9123 0.8481 2.8284 0.0266 0.8481 0.9562 0.8831 0.9123 0.9139

BraTS 2018 T1 0.9998 0.9492 0.9074 1.4142 0.0101 0.9074 0.9465 0.9547 0.9492 0.9487
(HGG) T2 0.9995 0.9160 0.8560 2.2361 0.0193 0.8560 0.9302 0.9134 0.9160 0.9169

T1CE 0.9996 0.9400 0.8953 2.0000 0.0114 0.8953 0.9430 0.9413 0.9400 0.9397
FLAIR 0.9976 0.8592 0.7793 3.6056 0.0280 0.7793 0.9653 0.7911 0.8592 0.8652

BraTS 2018 T1 0.9992 0.8999 0.8526 10.0000 0.2390 0.8526 0.9707 0.8630 0.8999 0.9035
(LGG) T2 0.9998 0.9037 0.8449 3.0000 0.0286 0.8449 0.9789 0.8489 0.9037 0.9065

T1CE 0.9997 0.9418 0.9007 6.4031 0.0182 0.9007 0.9711 0.9234 0.9418 0.9430

across diverse anatomical structures and imaging
protocols. This reinforces its suitability for clini-
cal deployment where modality diversity and tumor
heterogeneity are prevalent.

5.4 Strengths and Observations

The following key findings summarize the core
strengths of SOFAN-UNet as evidenced by quanti-
tative metrics, visual output, and cross-dataset eval-
uation:

– PSO-Based Tuning: the PSO tuning signifi-
cantly improved segmentation boundaries and
stability without excessive parameter overhead.

– Augmentation Effects: augmentation was espe-
cially beneficial for heterogeneous tumors (e.g.,
Glioma), where spatial irregularities were better
captured post-training.

– Cross-Dataset Robustness: high accuracy
was maintained across both contrast-enhanced
(T1CE) and structural modalities (T1, T2), val-
idating the generalizability of the model across
tumor types and imaging protocols.

– Attention Maps: visual overlays confirmed that
spatial attention was concentrated at the tu-
mor core, and error maps showed minimal false
boundaries for most modalities.

5.5 Limitations and Future Directions

Despite these strengths, a few limitations are
observed:

1. Boundary Complexity in LGG-T1: segmenting
low-grade gliomas from T1 proved challenging,
as evidenced by elevated HD and lower IoU
scores. This indicates the need for further fea-
ture enhancement or multi-scale aggregation in
future iterations.

2. Inference Variability in Low-Contrast Cases: al-
though average performance remains high, the
standard deviation of metrics (e.g., precision
and recall) increases under poor boundary con-
trast, suggesting occasional sensitivity to inten-
sity ambiguity.

3. Optimization overhead during training: while
inference is efficient, the use of cross-validation
and extensive data augmentation increases of-
fline training time. This does not affect de-
ployment performance, but may limit rapid re-
training or frequent model updates in time-
constrained research settings.

4. Single-Class Segmentation: current results re-
flect whole-tumor segmentation. Further seg-
mentation into subregions (enhancing core,
edema, necrosis) is a critical next step for com-
plete clinical integration.

In future work, incorporation of transformer-
based context encoders or uncertainty-aware pre-
diction heads may further improve the reliability of
segmentation in ambiguous regions.
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5.6 Computational Cost, Deployment
Considerations, and Clinical Implica-
tions

The computational profile of SOFAN-UNet can
be divided into three distinct components: offline
training, PSO-based attention tuning, and online in-
ference. This separation is essential for assessing
practical feasibility, as only inference-time perfor-
mance directly impacts clinical deployment.

Training and optimization cost.

Model training was conducted using multi-GPU
hardware to support cross-validation, extensive data
augmentation, and reproducibility across multiple
datasets. These training-time requirements repre-
sent a one-time offline cost and do not reflect the
resources required for deployment. Similarly, PSO-
based tuning operates in a low-dimensional param-
eter space and is executed for a limited number of it-
erations during offline optimization, without affect-
ing inference-time complexity.

Inference-time efficiency.

At inference time, SOFAN-UNet performs a
single forward pass without iterative optimization
or auxiliary processing. The incorporation of hy-
brid attention mechanisms introduces a modest in-
crease in parameter count relative to the baseline U-
Net, but does not alter the asymptotic complexity of
inference. Importantly, inference does not depend
on cross-validation, data augmentation, or PSO ex-
ecution and can be performed on a single GPU.

Deployment perspective and clinical implica-
tions.

Although experiments were conducted on high-
performance hardware to ensure fair comparison
and statistical robustness, the proposed model does
not rely on specialized hardware features during in-
ference. The consistently high AUC, Dice Sim-
ilarity Coefficient, and boundary adherence met-
rics observed across multiple datasets indicate sta-
ble generalization behavior, which is critical for de-
ployment across heterogeneous scanners and pa-
tient populations. These characteristics suggest that
SOFAN-UNet is suitable for further evaluation in
clinically realistic settings.

Future deployment considerations.

Extending validation to external clinical co-
horts or prospective data may further strengthen
confidence in real-world applicability. Addition-
ally, broader profiling under diverse hardware con-
straints could facilitate deployment in resource-
constrained environments. These directions repre-
sent natural extensions of the current framework
and do not detract from the demonstrated effective-
ness of the proposed approach.

6 Conclusion

This study introduced SOFAN-UNet, a hy-
brid deep learning framework tailored for pre-
cise brain tumor segmentation in multimodal MRI.
Enhancing the U-Net backbone with a dual at-
tention mechanism—Squeeze-and-Excitation (SE)
and Self-Attention—the model captures both lo-
cal channel dependencies and global spatial fea-
tures. A lightweight Particle Swarm Optimization
(PSO)-based short-tuning strategy was employed
to optimize attention gate parameters (e.g. scale
weights and filter sizes), dynamically improving fo-
cus on tumor regions while preserving spatial detail
through efficient skip connections. Evaluated on
the FBTS, BraTS 2021, and BraTS 2018 datasets,
SOFAN-UNet achieved a peak Dice Similarity Co-
efficient (DSC) of 0.9685, Jaccard Index (JI) of
0.9389, and AUC exceeding 0.999 in nearly all
classes and modalities. Additionally, a low bound-
ary error was recorded, with Hausdorff Distance
(HD) as low as 1.0 and Average Symmetric Surface
Distance (ASSD) reduced to 0.0041 in T1CE and
Pituitary cases.

The model consistently outperformed the base-
line U-Net and several state-of-the-art methods
across datasets. In the FBTS dataset, it achieved
DSCs of 0.9304 (Meningioma), 0.8053 (Glioma),
and 0.8591 (Pituitary), while in BraTS 2021, the
T1CE modality achieved DSC = 0.9691 and MCC =
0.9687. Even in challenging LGG-T1 cases, where
HD reached 10.0 due to weak tumor contrast, the
model maintained high recall (0.9707) and F1-score
(0.8999). Ablation experiments showed a 9.26 p.p.
gain in DSC and 9.98 p.p. in JI over vanilla U-Net,
without increasing parameter complexity (33.2M)
or inference time (≈ 1300s). These results vali-
date SOFAN-UNet’s adaptability, stability, and seg-
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5.6 Computational Cost, Deployment
Considerations, and Clinical Implica-
tions

The computational profile of SOFAN-UNet can
be divided into three distinct components: offline
training, PSO-based attention tuning, and online in-
ference. This separation is essential for assessing
practical feasibility, as only inference-time perfor-
mance directly impacts clinical deployment.

Training and optimization cost.

Model training was conducted using multi-GPU
hardware to support cross-validation, extensive data
augmentation, and reproducibility across multiple
datasets. These training-time requirements repre-
sent a one-time offline cost and do not reflect the
resources required for deployment. Similarly, PSO-
based tuning operates in a low-dimensional param-
eter space and is executed for a limited number of it-
erations during offline optimization, without affect-
ing inference-time complexity.

Inference-time efficiency.

At inference time, SOFAN-UNet performs a
single forward pass without iterative optimization
or auxiliary processing. The incorporation of hy-
brid attention mechanisms introduces a modest in-
crease in parameter count relative to the baseline U-
Net, but does not alter the asymptotic complexity of
inference. Importantly, inference does not depend
on cross-validation, data augmentation, or PSO ex-
ecution and can be performed on a single GPU.

Deployment perspective and clinical implica-
tions.

Although experiments were conducted on high-
performance hardware to ensure fair comparison
and statistical robustness, the proposed model does
not rely on specialized hardware features during in-
ference. The consistently high AUC, Dice Sim-
ilarity Coefficient, and boundary adherence met-
rics observed across multiple datasets indicate sta-
ble generalization behavior, which is critical for de-
ployment across heterogeneous scanners and pa-
tient populations. These characteristics suggest that
SOFAN-UNet is suitable for further evaluation in
clinically realistic settings.

Future deployment considerations.

Extending validation to external clinical co-
horts or prospective data may further strengthen
confidence in real-world applicability. Addition-
ally, broader profiling under diverse hardware con-
straints could facilitate deployment in resource-
constrained environments. These directions repre-
sent natural extensions of the current framework
and do not detract from the demonstrated effective-
ness of the proposed approach.

6 Conclusion

This study introduced SOFAN-UNet, a hy-
brid deep learning framework tailored for pre-
cise brain tumor segmentation in multimodal MRI.
Enhancing the U-Net backbone with a dual at-
tention mechanism—Squeeze-and-Excitation (SE)
and Self-Attention—the model captures both lo-
cal channel dependencies and global spatial fea-
tures. A lightweight Particle Swarm Optimization
(PSO)-based short-tuning strategy was employed
to optimize attention gate parameters (e.g. scale
weights and filter sizes), dynamically improving fo-
cus on tumor regions while preserving spatial detail
through efficient skip connections. Evaluated on
the FBTS, BraTS 2021, and BraTS 2018 datasets,
SOFAN-UNet achieved a peak Dice Similarity Co-
efficient (DSC) of 0.9685, Jaccard Index (JI) of
0.9389, and AUC exceeding 0.999 in nearly all
classes and modalities. Additionally, a low bound-
ary error was recorded, with Hausdorff Distance
(HD) as low as 1.0 and Average Symmetric Surface
Distance (ASSD) reduced to 0.0041 in T1CE and
Pituitary cases.

The model consistently outperformed the base-
line U-Net and several state-of-the-art methods
across datasets. In the FBTS dataset, it achieved
DSCs of 0.9304 (Meningioma), 0.8053 (Glioma),
and 0.8591 (Pituitary), while in BraTS 2021, the
T1CE modality achieved DSC = 0.9691 and MCC =
0.9687. Even in challenging LGG-T1 cases, where
HD reached 10.0 due to weak tumor contrast, the
model maintained high recall (0.9707) and F1-score
(0.8999). Ablation experiments showed a 9.26 p.p.
gain in DSC and 9.98 p.p. in JI over vanilla U-Net,
without increasing parameter complexity (33.2M)
or inference time (≈ 1300s). These results vali-
date SOFAN-UNet’s adaptability, stability, and seg-
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mentation precision across structural and contrast-
enhanced modalities. Future work will extend to
tumor sub-region analysis, attention regularization,
and real-time deployment on low-power platforms
to further bridge clinical translation.

A Hyperparameter Selection and
Justification

The selection of hyperparameters plays a cru-
cial role in the performance and stability of deep
learning models, especially in medical image seg-
mentation tasks that involve small datasets and high
structural complexity. The following justifications
are provided for each training and optimization
parameter used in the SOFAN-UNet framework,
based on literature best practices, empirical evalu-
ations, and architectural constraints.

Learning Rate (1 × 10−4). A fixed learning
rate of 1 × 10−4 was used with the Adam opti-
mizer throughout the experiments. This choice
is supported by numerous medical imaging stud-
ies that use U-Net and its variants for segmenta-
tion. Ronneberger et al. [29] used a similar learning
rate in the original U-Net, and Isensee et al. [126]
also showed stability around this scale in nnU-Net.
During preliminary trials, we observed that higher
rates (1×10−3) led to an oscillating validation loss,
while lower rates (1×10−5) resulted in slower con-
vergence without a significant improvement in ac-
curacy.

Batch Size (32). A batch size of 32 was se-
lected to balance GPU memory utilization and gra-
dient stability. Larger batch sizes (e.g., 64) led
to memory overflow during attention optimization
with PSO, whereas smaller batches (e.g., 8 or 16)
resulted in noisy gradients and slower convergence.
Batch sizes of 16-32 have been commonly reported
in segmentation models such as DeepLabV3+ and
U-Net, providing empirical support for our selec-
tion.

Epochs (50). We selected 50 epochs as a
fixed limit for baseline training and partial train-
ing during PSO iterations. This value was ex-
perimentally validated to allow convergence of the
attention-enhanced U-Net without excessive over-
fitting. Early stopping was used during experimen-
tation, and convergence was typically achieved by

epoch 40, with marginal improvements afterward.

PSO Particle Count (5) and Iterations (10).
The PSO parameters were chosen on the basis of
a trade-off between optimization quality and com-
putational cost. A particle count of 5 is within the
typical range used in metaheuristic tuning of neural
networks, where values between 5–20 are common.
Limiting to 10 iterations enabled a short optimiza-
tion cycle (as the “SO” in SOFAN suggests) while
still allowing the swarm to explore the bounded at-
tention parameter space. These settings proved suf-
ficient to find stable optimal values ϕ∗

s and ϕ∗
f with

consistent validation Dice improvement (detailed in
Section 5.1).

PSO Inertia and Acceleration Coefficients
(w = 0.5, c1 = c2 = 1.5). The standard PSO
dynamics were followed using an inertia weight
w = 0.5, and symmetric cognitive/social compo-
nents c1 = c2 = 1.5. These values were derived
from Clerc and Kennedy’s constriction coefficient
framework [127], which has been widely adopted
in swarm-based neural network tuning. They bal-
ance exploration and exploitation, stabilizing parti-
cle updates without erratic jumps.

Parameter Bounds for ϕs and ϕ f ([0.5,3.0]).
The scale factor ϕs determines the compression ra-
tio in the SE block, while ϕ f controls the filter ex-
pansion in the spatial attention branch. The lower
bound (0.5) ensures that the attention modules
retain minimal expressiveness, avoiding collapse.
The upper bound (3.0) limits excessive channel ex-
pansion that can lead to overfitting or GPU mem-
ory constraints. This range was informed by archi-
tectural studies of attention modules [128, 129] and
was empirically validated in our short-range tuning.

Fitness Function (Validation Dice Coeffi-
cient). We selected the Dice similarity coefficient
as the fitness function during PSO because it is
highly sensitive to class imbalance and is a stan-
dard metric for segmentation quality. The Dice co-
efficient is also differentiable and provides smooth
feedback during tuning, whereas the binary accu-
racy or IoU may plateau early in optimization.

We additionally conducted a sensitivity anal-
ysis across multiple PSO swarm sizes and itera-
tion budgets (Section 3.2.4), confirming that the
selected configuration achieves stable convergence
with minimal computational overhead.



112 Shoffan Saifullah, Rafał Dreżewski, Anton Yudhana, Wahyu Caesarendra, Enny Itje Sela

Table 24. Summary of SOFAN-UNet parameter choices and justification

Parameter Value Justification
Learning rate 1×10−4 Stable convergence in U-Net literature and validated empirically
Batch size 32 Best trade-off between convergence, noise, and GPU efficiency
Epochs 50 Ensures convergence without overfitting; matches observed learn-

ing curves
PSO particles /
iterations

5 / 10 Efficient exploration with minimal cost; consistent with PSO lit-
erature

Inertia / acceler-
ation (w, c1, c2)

0.5 / 1.5 / 1.5 Based on PSO constriction theory and CNN tuning practices

ϕs, ϕ f bounds [0.5,3.0] Avoids collapse or overfitting; derived from attention studies
Fitness function Dice coefficient Sensitive to imbalance and segmentation accuracy

B Extended Quantitative Results

This appendix provides the full tabulated results
for each dataset across all training, validation, test-
ing, and five-fold cross-validation phases. These
extended results complement the summarized find-
ings in Section 4.3.1 and are provided here to avoid
redundancy while preserving the traceability, detail,
and transparency of the evaluation.

B.1 FBTS Dataset (Figshare Brain Tumor
Segmentation)

The evaluation of the FBTS dataset offers criti-
cal insights into how tumor morphology and imag-
ing characteristics affect segmentation performance
across the training, validation, testing, and cross-
validation stages.

Table 25 reports the accuracy of the model, the
Dice Similarity Coefficient (DSC), the Jaccard In-
dex (JI) and the loss for three types of tumors. In
particular, across all phases, Meningioma and Pi-
tuitary tumors exhibit high DSC and JI values, ac-
companied by minimal loss—indicative of their rel-
atively homogeneous texture and spatial confine-
ment in the T1CE sequences. In contrast, Glioma
yields comparatively lower validation and testing
metrics, especially in JI. This discrepancy is at-
tributable to its diffuse and heterogeneous growth
patterns, which frequently overlap with normal tis-
sue and challenge delineation boundaries. The el-
evated loss and reduced overlap scores reflect such
ambiguity.

To further assess the model’s reliability and
variance across patient subsets, a five-fold cross-
validation (5F-CV) was conducted. The fold-wise

performance reported in Table 26 shows a notable
consistency in Meningioma and Pituitary classes,
whereas Glioma presents a broader range across
folds. Specifically, Fold 1 shows a decrease in DSC
and JI for Glioma, consistent with known clinical
heterogeneity and interpatient variability. These
fluctuations underscore the importance of evaluat-
ing deep models not just on average scores but
across stratified patient groups.

Table 25. Training, validation, and testing results
on FBTS dataset (per class).

Class Acc Loss DSC JI
Training

Meningioma 0.9990 0.0038 0.9162 0.8461
Glioma 0.9989 0.0025 0.9649 0.9322
Pituitary 0.9996 0.0009 0.9664 0.9351

Validation
Meningioma 0.9990 0.0036 0.9234 0.8579
Glioma 0.9918 0.0503 0.7996 0.6735
Pituitary 0.9981 0.0107 0.8828 0.7934

Testing
Meningioma 0.9991 0.0035 0.9304 0.8699
Glioma 0.9921 0.0493 0.8053 0.6770
Pituitary 0.9981 0.0120 0.8591 0.7539

The statistical distribution of the Dice and Jac-
card scores across folds (Table 27) highlights a
strong central tendency and a low dispersion for Pi-
tuitary, followed by Meningioma. Glioma shows
greater variability, as reflected in a wider IQR and
slightly lower Q1 values. These metrics align with
clinical insights: compact, well-defined tumors en-
able better boundary estimation, whereas irregular
shapes introduce segmentation uncertainty.
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Table 24. Summary of SOFAN-UNet parameter choices and justification

Parameter Value Justification
Learning rate 1×10−4 Stable convergence in U-Net literature and validated empirically
Batch size 32 Best trade-off between convergence, noise, and GPU efficiency
Epochs 50 Ensures convergence without overfitting; matches observed learn-

ing curves
PSO particles /
iterations

5 / 10 Efficient exploration with minimal cost; consistent with PSO lit-
erature

Inertia / acceler-
ation (w, c1, c2)

0.5 / 1.5 / 1.5 Based on PSO constriction theory and CNN tuning practices

ϕs, ϕ f bounds [0.5,3.0] Avoids collapse or overfitting; derived from attention studies
Fitness function Dice coefficient Sensitive to imbalance and segmentation accuracy

B Extended Quantitative Results

This appendix provides the full tabulated results
for each dataset across all training, validation, test-
ing, and five-fold cross-validation phases. These
extended results complement the summarized find-
ings in Section 4.3.1 and are provided here to avoid
redundancy while preserving the traceability, detail,
and transparency of the evaluation.

B.1 FBTS Dataset (Figshare Brain Tumor
Segmentation)

The evaluation of the FBTS dataset offers criti-
cal insights into how tumor morphology and imag-
ing characteristics affect segmentation performance
across the training, validation, testing, and cross-
validation stages.

Table 25 reports the accuracy of the model, the
Dice Similarity Coefficient (DSC), the Jaccard In-
dex (JI) and the loss for three types of tumors. In
particular, across all phases, Meningioma and Pi-
tuitary tumors exhibit high DSC and JI values, ac-
companied by minimal loss—indicative of their rel-
atively homogeneous texture and spatial confine-
ment in the T1CE sequences. In contrast, Glioma
yields comparatively lower validation and testing
metrics, especially in JI. This discrepancy is at-
tributable to its diffuse and heterogeneous growth
patterns, which frequently overlap with normal tis-
sue and challenge delineation boundaries. The el-
evated loss and reduced overlap scores reflect such
ambiguity.

To further assess the model’s reliability and
variance across patient subsets, a five-fold cross-
validation (5F-CV) was conducted. The fold-wise

performance reported in Table 26 shows a notable
consistency in Meningioma and Pituitary classes,
whereas Glioma presents a broader range across
folds. Specifically, Fold 1 shows a decrease in DSC
and JI for Glioma, consistent with known clinical
heterogeneity and interpatient variability. These
fluctuations underscore the importance of evaluat-
ing deep models not just on average scores but
across stratified patient groups.

Table 25. Training, validation, and testing results
on FBTS dataset (per class).

Class Acc Loss DSC JI
Training

Meningioma 0.9990 0.0038 0.9162 0.8461
Glioma 0.9989 0.0025 0.9649 0.9322
Pituitary 0.9996 0.0009 0.9664 0.9351

Validation
Meningioma 0.9990 0.0036 0.9234 0.8579
Glioma 0.9918 0.0503 0.7996 0.6735
Pituitary 0.9981 0.0107 0.8828 0.7934

Testing
Meningioma 0.9991 0.0035 0.9304 0.8699
Glioma 0.9921 0.0493 0.8053 0.6770
Pituitary 0.9981 0.0120 0.8591 0.7539

The statistical distribution of the Dice and Jac-
card scores across folds (Table 27) highlights a
strong central tendency and a low dispersion for Pi-
tuitary, followed by Meningioma. Glioma shows
greater variability, as reflected in a wider IQR and
slightly lower Q1 values. These metrics align with
clinical insights: compact, well-defined tumors en-
able better boundary estimation, whereas irregular
shapes introduce segmentation uncertainty.
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Table 26. Five-fold cross-validation results on
FBTS dataset (fold-wise summary).

Class Fold Acc Loss DSC JI

Meningioma

1 0.9978 0.0064 0.9185 0.8493
2 0.9976 0.0071 0.9071 0.8302
3 0.9982 0.0062 0.9325 0.8738
4 0.9984 0.0042 0.9423 0.8911
5 0.9983 0.0071 0.9445 0.8951

Glioma

1 0.9905 0.0767 0.7341 0.5638
2 0.9954 0.0196 0.8844 0.7932
3 0.9969 0.0131 0.9214 0.8476
4 0.9982 0.0063 0.9580 0.9190
5 0.9985 0.0060 0.9610 0.9222

Pituitary

1 0.9979 0.0100 0.8576 0.7515
2 0.9985 0.0060 0.8948 0.8103
3 0.9987 0.0049 0.9246 0.8601
4 0.9993 0.0021 0.9543 0.9126
5 0.9995 0.0020 0.9640 0.9321

Table 27. 5F-CV summary statistics on FBTS
dataset.

Class Mean Std Q1 Q3
DSC

Meningioma 0.8383 0.1785 0.7968 0.9672
Glioma 0.8918 0.0836 0.8844 0.9580
Pituitary 0.9191 0.0391 0.8948 0.9543

JI
Meningioma 0.7588 0.2332 0.6672 0.9268
Glioma 0.8151 0.1254 0.7935 0.9195
Pituitary 0.8530 0.0660 0.8103 0.9126

Overall, the results validate the segmentation
model’s ability to handle inter-class variation while
preserving high overlap and boundary alignment.
The Meningioma and Pituitary classes demonstrate
excellent agreement between predicted masks and
ground truth. At the same time, Glioma’s com-
plexity presents segmentation limitations that could
benefit from further spatial attention refinement or
data stratification strategies.

B.2 BraTS 2021 Dataset

The BraTS 2021 dataset evaluation provides a
modality-specific perspective on whole-tumor seg-
mentation. The complete experimental results—
covering training, validation, testing, and five-
fold cross-validation (5F-CV)—are detailed in Ta-
bles 28, 29, and 30.

Table 28. Training, validation, and testing results
on BraTS 2021 dataset (per modality).

Modality Acc Loss DSC JI
Training

FLAIR 0.9982 0.0042 0.9574 0.9183
T1 0.9970 0.0074 0.9282 0.8678
T2 0.9982 0.0043 0.9565 0.9167
T1CE 0.9983 0.0041 0.9593 0.9218

Validation
FLAIR 0.9944 0.0229 0.9022 0.8232
T1 0.9887 0.0501 0.8141 0.6884
T2 0.9924 0.0390 0.8681 0.7697
T1CE 0.9892 0.0583 0.8181 0.6933

Testing
FLAIR 0.9938 0.0240 0.8969 0.8160
T1 0.9892 0.0453 0.8254 0.7032
T2 0.9927 0.0382 0.8737 0.7769
T1CE 0.9903 0.0560 0.8254 0.7034

Table 29. Five-fold cross-validation results on
BraTS 2021 (fold-wise summary).

Modality Fold Acc Loss DSC JI

FLAIR

1 0.9932 0.0256 0.8774 0.7830
2 0.9942 0.0232 0.9016 0.8211
3 0.9973 0.0082 0.9459 0.8974
4 0.9972 0.0082 0.9459 0.8977
5 0.9978 0.0069 0.9618 0.9264

T1

1 0.9881 0.0706 0.7967 0.6642
2 0.9871 0.0517 0.7521 0.6036
3 0.9967 0.0125 0.9363 0.8803
4 0.9935 0.0198 0.8799 0.7862
5 0.9977 0.0084 0.9612 0.9255

T2

1 0.9845 0.0563 0.7736 0.6322
2 0.9951 0.0245 0.9052 0.8273
3 0.9973 0.0094 0.9493 0.9035
4 0.9977 0.0090 0.9579 0.9192
5 0.9984 0.0056 0.9723 0.9462

T1CE

1 0.9879 0.0836 0.7902 0.6540
2 0.9936 0.0364 0.8761 0.7804
3 0.9965 0.0137 0.9343 0.8769
4 0.9970 0.0126 0.9439 0.8940
5 0.9971 0.0123 0.9515 0.9076

Performance variation among modalities re-
flects their intrinsic imaging contrasts. FLAIR and
T2, which enhance peritumoral and edema bound-
aries, consistently yield high segmentation scores.
In contrast, T1 and T1CE modalities, which focus
on structural integrity and enhancing tumor cores,
reveal more variability, especially in the valida-
tion and test DSC. The higher validation loss for
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T1CE, despite high training performance, suggests
a contrast-specific domain shift, likely due to varia-
tions in enhancement intensity across scans.

Cross-validation consistency is best observed in
FLAIR, which maintains DSC above 0.93 in the
majority of the folds. The standard deviation anal-
ysis in Table 30 shows minimal fluctuation in these
scores, indicating that this modality provides the
most stable imaging foundation for whole tumor
segmentation. Although T1CE performs compet-
itively, its higher variance suggests sensitivity to
enhancement timing and intensity artifacts, which
may warrant adaptive normalization or attention re-
weighting.

Table 30. 5F-CV summary statistics on BraTS
2021 dataset.

Modality Mean Std Q1 Q3
DSC

FLAIR 0.9265 0.0317 0.9016 0.9459
T1 0.8653 0.0800 0.7967 0.9363
T2 0.9117 0.0726 0.9052 0.9579
T1CE 0.8992 0.0606 0.8761 0.9439

JI
FLAIR 0.8651 0.0539 0.8211 0.8977
T1 0.7719 0.1229 0.6642 0.8803
T2 0.8457 0.1138 0.8273 0.9192
T1CE 0.8226 0.0954 0.7804 0.8940

B.3 BraTS 2018 Dataset (HGG and LGG)

This section presents extended performance
metrics of SOFAN-UNet on the BraTS 2018
dataset, separated into High-Grade Glioma (HGG)
and Low-Grade Glioma (LGG) cases. Tables 31,
32, and 33 report the full results across training, val-
idation, testing, and five-fold cross-validation (5F-
CV).

The HGG sequences demonstrate consistently
high performance during all phases, particularly in
T1 and FLAIR, which typically provide clear tu-
mor delineation. LGG results show greater varia-
tion across modalities, especially in T2 and T1CE,
which are more susceptible to indistinct boundaries.
This variation contributes to performance gaps in
both Dice and Jaccard metrics across LGG cases.

Table 31. Training, validation, and testing results
on BraTS 2018 dataset (HGG and LGG).

Subtype-Modality Acc Loss DSC JI
HGG

FLAIR 0.9959 0.0117 0.8849 0.7943
T1 0.9982 0.0055 0.9435 0.8933
T2 0.9972 0.0079 0.9232 0.8579
T1CE 0.9972 0.0078 0.9227 0.8569

LGG
FLAIR 0.9986 0.0052 0.9416 0.8901
T1 0.9987 0.0047 0.9462 0.8981
T2 0.9949 0.0355 0.6764 0.5139
T1CE 0.9950 0.0256 0.7451 0.5961

Table 32. Five-fold cross-validation results on
BraTS 2018 dataset (fold-wise summary).

Subtype-Modality Fold Acc Loss DSC JI
HGG

T1CE 1 0.9936 0.0197 0.8877 0.7982
2 0.9955 0.0158 0.9323 0.8737
3 0.9961 0.0112 0.9384 0.8740
4 0.9938 0.0164 0.8755 0.7793
5 0.9871 0.0340 0.7872 0.6492

T2 1 0.9940 0.0249 0.9114 0.8222
2 0.9937 0.0221 0.8813 0.7809
3 0.9882 0.0552 0.7957 0.6805
4 0.9872 0.0325 0.7688 0.6068
5 0.9842 0.0424 0.7186 0.5429

T1 1 0.9961 0.0112 0.9384 0.8740
2 0.9938 0.0164 0.8755 0.7793
3 0.9871 0.0340 0.7872 0.6492
4 0.9753 0.0644 0.5806 0.4124
5 0.9732 0.0670 0.5481 0.3786

LGG
T1CE 1 0.9977 0.0073 0.9558 0.9153

2 0.9975 0.0082 0.9580 0.9194
3 0.9958 0.0175 0.9211 0.8538
4 0.9917 0.0494 0.8608 0.7556
5 0.9786 0.0676 0.7106 0.5511

T2 1 0.9974 0.0086 0.9550 0.9139
2 0.9963 0.0128 0.9261 0.8624
3 0.9944 0.0206 0.9200 0.8518
4 0.9826 0.1146 0.7454 0.5942
5 0.9862 0.0845 0.7339 0.5796

Table 33. 5F-CV summary statistics on BraTS
2018 dataset (HGG and LGG).

Modality DSC Mean DSC Std JI Mean JI Std
HGG

FLAIR 0.8143 0.1453 0.7092 0.1794
T1 0.7460 0.1562 0.6208 0.1988
T2 0.8152 0.0714 0.6958 0.1024
T1CE 0.8075 0.0992 0.6899 0.1385

LGG
FLAIR 0.6680 0.1946 0.5326 0.2138
T1 0.7612 0.1001 0.6248 0.1278
T2 0.8935 0.0751 0.8152 0.1128
T1CE 0.9329 0.0201 0.8750 0.0355
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T1CE, despite high training performance, suggests
a contrast-specific domain shift, likely due to varia-
tions in enhancement intensity across scans.

Cross-validation consistency is best observed in
FLAIR, which maintains DSC above 0.93 in the
majority of the folds. The standard deviation anal-
ysis in Table 30 shows minimal fluctuation in these
scores, indicating that this modality provides the
most stable imaging foundation for whole tumor
segmentation. Although T1CE performs compet-
itively, its higher variance suggests sensitivity to
enhancement timing and intensity artifacts, which
may warrant adaptive normalization or attention re-
weighting.

Table 30. 5F-CV summary statistics on BraTS
2021 dataset.

Modality Mean Std Q1 Q3
DSC

FLAIR 0.9265 0.0317 0.9016 0.9459
T1 0.8653 0.0800 0.7967 0.9363
T2 0.9117 0.0726 0.9052 0.9579
T1CE 0.8992 0.0606 0.8761 0.9439

JI
FLAIR 0.8651 0.0539 0.8211 0.8977
T1 0.7719 0.1229 0.6642 0.8803
T2 0.8457 0.1138 0.8273 0.9192
T1CE 0.8226 0.0954 0.7804 0.8940

B.3 BraTS 2018 Dataset (HGG and LGG)

This section presents extended performance
metrics of SOFAN-UNet on the BraTS 2018
dataset, separated into High-Grade Glioma (HGG)
and Low-Grade Glioma (LGG) cases. Tables 31,
32, and 33 report the full results across training, val-
idation, testing, and five-fold cross-validation (5F-
CV).

The HGG sequences demonstrate consistently
high performance during all phases, particularly in
T1 and FLAIR, which typically provide clear tu-
mor delineation. LGG results show greater varia-
tion across modalities, especially in T2 and T1CE,
which are more susceptible to indistinct boundaries.
This variation contributes to performance gaps in
both Dice and Jaccard metrics across LGG cases.

Table 31. Training, validation, and testing results
on BraTS 2018 dataset (HGG and LGG).

Subtype-Modality Acc Loss DSC JI
HGG

FLAIR 0.9959 0.0117 0.8849 0.7943
T1 0.9982 0.0055 0.9435 0.8933
T2 0.9972 0.0079 0.9232 0.8579
T1CE 0.9972 0.0078 0.9227 0.8569

LGG
FLAIR 0.9986 0.0052 0.9416 0.8901
T1 0.9987 0.0047 0.9462 0.8981
T2 0.9949 0.0355 0.6764 0.5139
T1CE 0.9950 0.0256 0.7451 0.5961

Table 32. Five-fold cross-validation results on
BraTS 2018 dataset (fold-wise summary).

Subtype-Modality Fold Acc Loss DSC JI
HGG

T1CE 1 0.9936 0.0197 0.8877 0.7982
2 0.9955 0.0158 0.9323 0.8737
3 0.9961 0.0112 0.9384 0.8740
4 0.9938 0.0164 0.8755 0.7793
5 0.9871 0.0340 0.7872 0.6492

T2 1 0.9940 0.0249 0.9114 0.8222
2 0.9937 0.0221 0.8813 0.7809
3 0.9882 0.0552 0.7957 0.6805
4 0.9872 0.0325 0.7688 0.6068
5 0.9842 0.0424 0.7186 0.5429

T1 1 0.9961 0.0112 0.9384 0.8740
2 0.9938 0.0164 0.8755 0.7793
3 0.9871 0.0340 0.7872 0.6492
4 0.9753 0.0644 0.5806 0.4124
5 0.9732 0.0670 0.5481 0.3786

LGG
T1CE 1 0.9977 0.0073 0.9558 0.9153

2 0.9975 0.0082 0.9580 0.9194
3 0.9958 0.0175 0.9211 0.8538
4 0.9917 0.0494 0.8608 0.7556
5 0.9786 0.0676 0.7106 0.5511

T2 1 0.9974 0.0086 0.9550 0.9139
2 0.9963 0.0128 0.9261 0.8624
3 0.9944 0.0206 0.9200 0.8518
4 0.9826 0.1146 0.7454 0.5942
5 0.9862 0.0845 0.7339 0.5796

Table 33. 5F-CV summary statistics on BraTS
2018 dataset (HGG and LGG).

Modality DSC Mean DSC Std JI Mean JI Std
HGG

FLAIR 0.8143 0.1453 0.7092 0.1794
T1 0.7460 0.1562 0.6208 0.1988
T2 0.8152 0.0714 0.6958 0.1024
T1CE 0.8075 0.0992 0.6899 0.1385

LGG
FLAIR 0.6680 0.1946 0.5326 0.2138
T1 0.7612 0.1001 0.6248 0.1278
T2 0.8935 0.0751 0.8152 0.1128
T1CE 0.9329 0.0201 0.8750 0.0355
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Overall, the results reveal distinct patterns: for
HGG, T1 and T2 performed best in consistent seg-
mentation due to well-defined structures. For LGG,
the highest performance was achieved in the T1CE
and T2 modalities, benefiting from slightly im-
proved contrast profiles despite inherent segmen-
tation challenges. The cross-validated consistency
supports the robustness of the proposed framework
on both low- and high-grade gliomas under multi-
modality inputs.

Note: ROC visualizations are provided in D, and
performance comparisons across datasets are dis-
cussed in Section 4.3.1.

C Model Performance Metrics Dis-
tribution Across Tumor Classes
and Modalities

This appendix presents a comprehensive visual-
ization of per-image performance distributions for
the SOFAN-UNet segmentation model across all
evaluated classes and imaging modalities. The as-
sessment encompasses several key evaluation met-
rics, including Area Under the Curve (AUC), Dice
Similarity Coefficient (DSC), Jaccard Index (JI),
Precision, Recall, F1 Score, and Matthews Correla-
tion Coefficient (MCC). These metrics collectively
provide a multi-faceted view of the model’s seg-
mentation performance.

Each boxplot in the appendix illustrates the dis-
tribution of these performance metrics across indi-
vidual test images. These visualizations are catego-
rized by tumor type in the FBTS dataset—namely
Meningioma, Glioma, and Pituitary tumors—and
by imaging modality in the BraTS 2021 and BraTS
2018 datasets, including T1, T2, FLAIR, and T1CE
scans. The analysis further distinguishes between
tumor grades, covering both low-grade gliomas
(LGG) and high-grade gliomas (HGG).

The boxplots enable in-depth analysis of con-
sistency, variance, and potential outliers in segmen-
tation quality. This graphical approach offers valu-
able insights into the robustness and generalization
capability of the SOFAN-UNet model under diverse
and heterogeneous imaging conditions. Figures 11
to 13 provide detailed depictions of the evaluated
metrics for all datasets.

(a)

(b)

(c)

Figure 11. Performance metric distributions on the
FBTS dataset: (a) Meningioma, (b) Glioma, and

(c) Pituitary

Across all datasets and modalities, the AUC val-
ues remain consistently high (approaching 1.0), re-
flecting the model’s strong discriminative ability to
distinguish tumor from background voxels.

For the FBTS dataset, all three tumor types—
Meningioma, Glioma, and Pituitary—demonstrated
tightly clustered boxplots for DSC, JI, Precision,
Recall, and F1, indicating stable performance with
minimal variation. Slightly lower JI values in
Glioma cases suggest occasional boundary ambi-
guity, as reflected in a slightly wider interquartile
range in recall.
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(a)

(b)

(c)

(d)

Figure 12. Performance metric distributions for
each modality in BraTS 2021: (a) FLAIR, (b) T1,

(c) T2, (d) T1CE

In the BraTS 2021 modalities, T1CE and T2
achieved the highest median scores across all met-
rics, especially DSC and Precision, indicating that
contrast-enhanced sequences contribute to better tu-
mor boundary delineation. FLAIR and T1 show
slightly broader dispersion, particularly in IoU and
Recall, which may be related to edema or non-
enhancing tumor components that blend with sur-
rounding tissue.

The BraTS 2018 HGG cases exhibit greater
variance in JI and MCC than the LGG cases, par-

ticularly on FLAIR and T2, reflecting increased
heterogeneity and necrosis, which are common in
high-grade gliomas. The LGG subset shows more
stable scores, especially in T1CE and T1, where
the boxplots are compact with minimal outliers,
suggesting cleaner boundaries and more consistent
model behavior.

Overall, the model maintains high median
scores across datasets, with robustness seen in con-
sistent MCC and F1 distributions. Differences in
performance across modalities and tumor grades
highlight the importance of selecting imaging se-
quences, with contrast-enhanced and anatomical
modalities generally yielding higher segmentation
confidence.

These findings underscore the model’s abil-
ity to generalize across various imaging contexts,
especially when trained on anatomically rich or
contrast-enhanced sequences.

D ROC-AUC Curves and Ex-
tended Analysis

This appendix presents visualizations of the
ROC curves corresponding to each dataset and
modality evaluated in this study. The analysis fo-
cuses on how SOFAN-UNet distinguishes tumor
from background across varying thresholds, and
how model confidence shifts in response to data
variability. The AUC values reflect the threshold-
independent classification quality and are inter-
preted through the lens of the modality sensitivity
and tumor characteristics. These plots complement
the AUC summaries presented in Section 4.3.

D.1 FBTS Dataset—Tumor Class Confi-
dence Trends

Figure 14 illustrates the ROC curves for Menin-
gioma, Glioma, and Pituitary tumors. The curves
rise sharply toward the top-left corner, confirming
the model’s ability to separate positive and negative
pixel distributions across tumor types.
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Figure 13. Performance metric distributions for BraTS 2018 (HGG and LGG): (a) FLAIR, (b) T1, (c) T2,
(d) T1CE, respectively
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Figure 14. ROC curves for FBTS tumor classes:
Meningioma (top-left), Glioma (top-right), and

Pituitary (bottom).

For Meningioma and Pituitary, the curves ap-
proach a nearly perfect vertical ascent at low false
positive rates. This profile indicates highly sepa-
rable class distributions and well-calibrated proba-
bility outputs. The Glioma shows a slightly more
gradual curvature, suggesting greater overlap be-
tween the predicted probabilities for the tumor and
the background. This aligns with the inherent visual
complexity of gliomas, which often display diffuse
and infiltrative growth patterns that reduce the cer-
tainty of edge delineation.

D.2 BraTS 2021—Modality-Driven Classi-
fication Profiles

The ROC curves in Figure 15 correspond to the
BraTS 2021 dataset segmented by MRI modality:
FLAIR, T1, T1CE, and T2.

Figure 15. ROC curves for BraTS 2021
modalities: FLAIR, T1, T1CE, and T2.

FLAIR achieves the most vertical and top-
heavy curve, revealing strong sensitivity across
a wide range of thresholds. This is expected,
as FLAIR is particularly effective in visualizing
edema and diffuse tumor regions, which domi-
nate the whole tumor label. T1CE also displays
a robust curve shape, particularly in the mid- to
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high-threshold regions, benefiting from contrast en-
hancement in active tumor zones.

The T1 and T2 curves exhibit slightly shallower
slopes during early threshold progression, imply-
ing greater uncertainty in classifying marginal tu-
mor voxels. These patterns are consistent with
lower tumor-to-background contrast in native T1
and fluid-sensitive T2 images.

D.3 BraTS 2018—Grade and Modality In-
fluences on Class Boundaries

Figures 16 and 17 show the ROC curves for
high-grade gliomas (HGG) and low-grade gliomas
(LGG) from BraTS 2018.

In HGG cases, all modalities show tightly clus-
tered ROC curves that rise sharply with minimal
deviation. T1 and T1CE yield the steepest pro-
files, consistent with the strong tumor delineation
provided by their intensity contrasts in enhancing
tumor regions. FLAIR and T2 curves closely fol-
low, reflecting their utility in detecting surrounding
edema and infiltrative components.

In LGG, although AUC values remain high (>
0.9995), there is a slightly broader curvature, par-
ticularly in T1CE and T2. These shapes suggest
a reduction in predictive confidence at intermedi-
ate thresholds. This pattern corresponds to the typi-
cally less aggressive and more homogeneous tissue
characteristics of LGG tumors, which reduce signal
variation and edge distinction.

Figure 16. ROC curves for BraTS 2018 HGG
cases: FLAIR, T1, T1CE, and T2.
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Figure 17. ROC curves for BraTS 2018 LGG
cases: FLAIR, T1, T1CE, and T2.

Overall, these visualizations emphasize the
model’s ability to scale its confidence under dif-
ferent image contrast mechanisms and tumor mor-
phologies. ROC profiles confirm that the PSO-
tuned attention mechanism allows SOFAN-UNet
to maintain consistent classification strength across
subtle tumor variations and cross-modal scenarios.

D.4 Summary of ROC-AUC Value Ranges

For convenience, Table 34 provides a consol-
idated summary of all ROC-AUC intervals ob-
served.

Table 34. Summary of ROC-AUC ranges across
datasets and modalities (pixel-level classification)

Dataset / Class / Modality Type ROC-AUC Range
FBTS – Meningioma Tumor Class 0.9994 – 1.0000
FBTS – Glioma Tumor Class 0.9999 – 1.0000
FBTS – Pituitary Tumor Class 1.0000 – 1.0000
BraTS 2021 – FLAIR Modality 0.9997 – 1.0000
BraTS 2021 – T1 Modality 0.9999 – 1.0000
BraTS 2021 – T2 Modality 0.9999 – 1.0000
BraTS 2021 – T1CE Modality 0.9999 – 1.0000
BraTS 2018 – FLAIR (HGG) Modality 0.9994 – 1.0000
BraTS 2018 – T1 (HGG) Modality 0.9993 – 1.0000
BraTS 2018 – T2 (HGG) Modality 0.9989 – 1.0000
BraTS 2018 – T1CE (HGG) Modality 0.9993 – 1.0000
BraTS 2018 – FLAIR (LGG) Modality 0.9985 – 0.9999
BraTS 2018 – T1 (LGG) Modality 0.9998 – 1.0000
BraTS 2018 – T2 (LGG) Modality 0.9998 – 1.0000
BraTS 2018 – T1CE (LGG) Modality 0.9999 – 1.0000

These ROC-AUC intervals and curve patterns
complement Dice-based segmentation analysis by
offering an additional confidence layer in evaluat-
ing model discriminability across tumor categories
and imaging contrasts.

E Augmentation Evaluation Sup-
plementary Analysis on FBTS
Dataset

This appendix provides the full numerical re-
sults corresponding to the visual analysis in Sec-
tion 4.2. The tabulated data below summarizes
the absolute performance metrics of the segmen-
tation models trained with and without augmenta-
tion, evaluated across training, validation, and test-
ing phases for all tumor classes in the FBTS dataset.

The tabulated values complement the visual re-
sults shown in Figure 5 and Figure 6, offering a
complete breakdown of performance improvements
across all evaluation phases.

Evaluation of augmentation effects on segmen-
tation performance across Meningioma, Glioma,
and Pituitary classes reveals clear patterns in both
spatial accuracy and generalization ability. For the
Meningioma class, results remained stable across
all phases. In training, performance was already
near saturation, with accuracy greater than 0.9985
and only slight variation in the Dice and Jaccard in-
dices after augmentation. During validation, mod-
erate gains were observed, with Dice increasing
from 0.9162 to 0.9234 and Jaccard from 0.8457 to
0.8579. In the testing phase, a marginal increase in
segmentation quality was observed, indicating that
the augmentation acted primarily as a stabilizing
factor for an already well-learned class.

For Glioma, the impact of the augmentation
was substantial. In the training phase, Dice rose
from 0.8384 to 0.9649 and Jaccard from 0.7253
to 0.9322, indicating a significant improvement in
spatial representation learning. These improve-
ments were sustained during validation, with Dice
reaching 0.7996 and Jaccard 0.6735, despite a
slight increase in loss. In testing, the augmenta-
tion effect was the most prominent, elevating Dice
from 0.6880 to 0.8053 and Jaccard from 0.5271 to
0.6770. This indicates a strengthened capacity of
the model to handle the structural irregularities and
spatial ambiguity typical of Glioma tumors.

The Pituitary class also benefited from augmen-
tation, particularly in spatial metrics. Training Dice
improved from 0.8799 to 0.9664 and Jaccard from
0.7862 to 0.9351. Validation metrics followed this
trend, with Dice increasing to 0.8828 and Jaccard to
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Figure 17. ROC curves for BraTS 2018 LGG
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tation models trained with and without augmenta-
tion, evaluated across training, validation, and test-
ing phases for all tumor classes in the FBTS dataset.

The tabulated values complement the visual re-
sults shown in Figure 5 and Figure 6, offering a
complete breakdown of performance improvements
across all evaluation phases.

Evaluation of augmentation effects on segmen-
tation performance across Meningioma, Glioma,
and Pituitary classes reveals clear patterns in both
spatial accuracy and generalization ability. For the
Meningioma class, results remained stable across
all phases. In training, performance was already
near saturation, with accuracy greater than 0.9985
and only slight variation in the Dice and Jaccard in-
dices after augmentation. During validation, mod-
erate gains were observed, with Dice increasing
from 0.9162 to 0.9234 and Jaccard from 0.8457 to
0.8579. In the testing phase, a marginal increase in
segmentation quality was observed, indicating that
the augmentation acted primarily as a stabilizing
factor for an already well-learned class.

For Glioma, the impact of the augmentation
was substantial. In the training phase, Dice rose
from 0.8384 to 0.9649 and Jaccard from 0.7253
to 0.9322, indicating a significant improvement in
spatial representation learning. These improve-
ments were sustained during validation, with Dice
reaching 0.7996 and Jaccard 0.6735, despite a
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tion effect was the most prominent, elevating Dice
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improved from 0.8799 to 0.9664 and Jaccard from
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Table 35. Performance comparison of FBTS models with and without augmentation across training,
validation, and testing.

Class Metric
Training Validation Testing

Acc Loss DSC JI Acc Loss DSC JI Acc Loss DSC JI

Meningioma
w/o Aug 0.9985 0.0035 0.9381 0.8836 0.9976 0.0077 0.9162 0.8457 0.9980 0.0054 0.9276 0.8653
w/ Aug 0.9990 0.0038 0.9162 0.8461 0.9990 0.0036 0.9234 0.8579 0.9991 0.0035 0.9304 0.8699

Glioma
w/o Aug 0.9954 0.0117 0.8384 0.7253 0.9896 0.0336 0.7147 0.5608 0.9889 0.0381 0.6880 0.5271
w/ Aug 0.9989 0.0025 0.9649 0.9322 0.9918 0.0503 0.7996 0.6735 0.9921 0.0493 0.8053 0.6770

Pituitary
w/o Aug 0.9995 0.0025 0.8799 0.7862 0.9980 0.0083 0.8199 0.6956 0.9981 0.0083 0.8043 0.6743
w/ Aug 0.9996 0.0009 0.9664 0.9351 0.9981 0.0107 0.8828 0.7934 0.9981 0.0120 0.8591 0.7539

0.7934. In the testing phase, performance remained
strong, achieving 0.8591 for Dice and 0.7539 for
Jaccard. Although slight increases in loss were
recorded, augmentation clearly contributed to more
robust and consistent boundary delineation across
diverse tumor shapes.

Overall, training-phase gains reflect the model’s
enhanced learning of morphological patterns, while
validation and test improvements confirm improved
generalization under real-world variability. Aug-
mentation proved to be the most impactful for the
Glioma and Pituitary classes, which exhibit greater
spatial heterogeneity. Meningioma, with its rela-
tively uniform morphology, exhibited steadier but
still measurable improvement. These observations
highlight the effectiveness of augmentation in im-
proving model adaptability and segmentation preci-
sion across tumor types and evaluation phases.
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Net Architecture Using Differential Evolution for
Brain Tumor Segmentation, in Computational Sci-
ence – ICCS 2025. ICCS 2025. Lecture Notes
in Computer Science (M. Lees and Others, eds.),
vol. 15906, pp. 403–411, Cham: Springer, 2025.

[62] N. Rasool and J. I. Bhat, A Critical Review on Seg-
mentation of Glioma Brain Tumor and Prediction
of Overall Survival, Archives of Computational
Methods in Engineering, 2024.

[63] J. Cheng, W. Huang, S. Cao, R. Yang, W. Yang,
Z. Yun, Z. Wang, and Q. Feng, Enhanced Perfor-
mance of Brain Tumor Classification via Tumor
Region Augmentation and Partition, PLOS ONE,
vol. 10, no. 10, p. e0140381, 2015.

[64] U. Baid, S. Ghodasara, S. Mohan, M. Bilello,
E. Calabrese, E. Colak, K. Farahani, J. Kalpathy-
Cramer, F. C. Kitamura, S. Pati, L. Prevedello,
J. Rudie, C. Sako, R. Shinohara, T. Bergquist,
R. Chai, J. Eddy, J. Elliott, W. Reade, T. Schaffter,
T. Yu, J. Zheng, C. Davatzikos, J. Mongan,
C. Hess, S. Cha, J. Villanueva-Meyer, J. B.
Freymann, J. S. Kirby, B. Wiestler, P. Crivel-
laro, R. R. Colen, A. Kotrotsou, D. Marcus,
M. Milchenko, A. Nazeri, H. Fathallah-Shaykh,
R. Wiest, A. Jakab, M.-A. Weber, A. Mahajan,
B. Menze, A. E. Flanders, and S. Bakas, RSNA-
ASNR-MICCAI-BraTS-2021 Dataset, 2023.

[65] B. H. Menze, A. Jakab, S. Bauer, Kalpathy-
Cramer, et al., The Multimodal Brain Tumor Image
Segmentation Benchmark (BRATS), IEEE Trans-
actions on Medical Imaging, vol. 34, no. 10,
pp. 1993–2024, 2015.

[66] S. Bakas, H. Akbari, A. Sotiras, M. Bilello,
M. Rozycki, J. S. Kirby, J. B. Freymann, K. Fara-
hani, and C. Davatzikos, Advancing The Cancer
Genome Atlas glioma MRI collections with expert
segmentation labels and radiomic features, Scien-
tific Data, vol. 4, no. 1, p. 170117, 2017.
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