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Abstract: Ischemic stroke, caused by restricted cerebral blood flow, is a
leading cause of death and disability worldwide. Accurate segmentation of
stroke lesions in MRI is essential for timely diagnosis but remains labor-
intensive when done manually. This study presents a comparative evaluation
of three U-Net variants for automated ischemic stroke lesion segmentation
using the ISLES 2022 dataset: (1) Classical U-Net with a standard encoder-
decoder structure, (2) Transfer Learning-Enhanced U-Net with
MobileNetV2 encoder pre-trained on ImageNet, and (3) A novel MRI
Sequence specific Customized U-Net that employs separate modality-
specific encoders for DWI,ADC and FLAIR sequences followed by fused
decoding. All models were trained and evaluated using Dice Score and Dice
Loss metrics. The proposed customized U-Net outperformed the other two
models in a single train-validation setup, achieving a Training Dice Score of
0.8680 and a validation Dice Score of 0.8409. The architecture demonstrates
robust, efficient, and accurate segmentation, addressing class imbalance and
small lesion challenges. These findings highlight the potential of modality-
specific architectures to enhance clinical workflows and support automated
stroke diagnosis.
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Introduction

The most widespread form of brain trauma and a major
contributor to disability and death worldwide is still
ischemic stroke. It arises from an obstruction in cerebral
blood flow, which prevents oxygen and essential nutrients
from reaching brain tissue, leading to cellular death and
irreversible damage. Depending on the time since the
stroke onset, lesions can be categorized into acute
(immediate damage to brain tissue), sub-acute
(inflammatory and reparative responses occurring days to
weeks post-stroke), and chronic phases (long-term
structural changes like scarring or tissue atrophy)
(Petzsche et al., 2022). cerebral blood flow, which
prevents oxygen and essential nutrients from reaching
brain tissue, leading to cellular death and irreversible
damage. Depending on the time since the stroke onset,
lesions can be categorized into acute (immediate damage
to brain tissue), sub-acute (inflammatory and reparative
responses occurring days to weeks post-stroke), and
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chronic phases (long-term structural changes like scarring
or tissue atrophy) (Petzsche et al., 2022). Accurate
assessment of affected brain regions — especially the
salvageable penumbra, is critical in guiding treatments
like mechanical thrombectomy (Clérigues et al., 2019).
Manual Segmentation of these lesions on MRI is labor-
intensive and subject to variability especially due to their
irregular shape and low contrast. Automatic segmentation
offers precise structural and functional information by
categorizing each voxel as a lesion or non-lesion on each
slice for better decision on MRI sequences T1, T2, DWI,
FLAIR etc.

Recent advancements in neuroscience image-based
analysis, particularly using Computer Tomography (CT)
and Magnetic Resonance Imaging (MRI), have
significantly improved patient outcomes by guiding
revascularization strategies. The ISLES Challenge
(Ischemic Stroke Lesion Segmentation) serves as a
benchmark platform  for evaluating automated
segmentation algorithms, offering datasets specifically
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designed to advance ischemic stroke lesion segmentation
techniques. The ISLES 2022 challenge dataset comprises
multi-centre 3D MRI sequences including Diffusion-
Weighted Imaging (DWI), Apparent Diffusion
Coefficient (ADC) and Fluid-Attenuated Inversion
Recovery (FLAIR), which together provide a
comprehensive representation of ischemic lesions across
different stages of stroke progression(Siddique et al.,
2022). Various open-source tools to facilitate advanced
lesion segmentation, analysis, registration, rendering and
visualization of 3D and 4D biomedical images includes
AMIRA, MIPAV ITKSNAP and 3DSlicer. These tools
support different image formats like NIFTI and DICOM,
however manual intervention is still required (Malik et al.,
2024). The cross-sectional views of FLAIR 3D session from
ISLES 2022 dataset shown in Figure 2 using 3D Slicer.

DWI - Diffusion Weighted Imaging

* Shows brain soft tissues clearly
* Useful for detecting Acute Ischemi Stroke

ADC ~ Apparent Diffusion Coefficient

* Quantifies the diffusion of water molecules
» Useful differentiating between stroke vs edema

FLAIR - Fluid Attenuated Inversion Recovery

 Suppresses fluid signals
* Enhances abnormal tissue

Fig. 2: FLAIR — cross-sectional views (Axial, Coronal and
Sagittal) + 3D Rendering

The ISLES challenges were initiated to promote fair
comparison and benchmarking of automated ischemic
stroke segmentation methods by providing publicly
available annotated multispectral MRI datasets. It
addressed the common issue of inaccessible private
datasets by offering standardized data and evaluation
metrics. The 2015 challenge featured two sub-tasks: SISS
(Sub-acute Ischemic Stroke Lesion Segmentation) using
multi-sequence  MRI, and SPES (Stroke Perfusion
Estimation) focused on predicting infarct cores from CT
perfusion imaging. These challenges received broad
participation and have played a key role in advancing
methods for ischemic stroke lesion segmentation (Maier
et al., 2017). In the ISLES 2015 challenge, Maier et al.
proposed a Random Forest-based segmentation method
for the SISS task using carefully selected voxel-wise
features from T1, T2, FLAIR, and DWI sequences. Their
method incorporated spatial, intensity, and hemispheric
difference features, and achieved promising results with a
Dice score of 0.58 across 28 training cases. While the
approach demonstrated robustness to noise and clinical
variations, performance was limited by challenges such as
lesion heterogeneity and under-representation of positive
lesion voxels in training data (Maier et al., 2017).

U-Net introduced by Ronneberger etal. (2015) being one
of the most widely used CNN based deep learning
architectures for biomedical image segmentation. It consists
of an encoder-decoder framework with skip connections,
where the encoder captures low-resolution contextual
features and the decoder progressively reconstructs high-
resolution outputs. While skip connections help retain spatial
details. Ronneberger et al. (2015) demonstrated strong
performance on small biomedical datasets such as ISBI Cell
Tracking, achieving dice score of 0.91 for segmenting cell
boundaries. However standard U-Net models rely on
convolution operations with small receptive fields, which
limits their ability to model long-range spatial dependencies.
This limitation is particularly critical for ischemic stroke
segmentation, where lesions may be small, scattered and
poorly contrasted against healthy tissue. The effectiveness of
U-Net has been validated across domains such as retinal
vessel segmentation in the DRIVE and STARE datasets (Fu
et al., 2016) where an AUC of 0.95 was achieved. While
highly precise, these models are sensitive to illumination and
struggle with thin vessel misclassification. Similarly, U-Net-
based models have been widely adopted for brain tumor
segmentation in the BraTS 2015 dataset, reporting Dice
scores in the range of 0.85-0.89 for tumor core and
enhancing tumor regions (Menze et al., 2015). However,
boundary differentiation between tumor and edema remains
a challenge. In the ISLES 2018 Challenge, (Winzeck et al.,
2018) benchmarked U-Net variants for multispectral MRI
stroke lesion segmentation, achieving Dice scores up to 0.85.
Despite strong performance, segmenting small and diffuse
infarcts proved difficult, highlighting the need for more
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modality specific architecture in stroke applications.

To overcome these limitations, researchers have
integrated residual connections and transfer learning into
U-Net architectures. Bhalerao and Thakur (2020)
extended U-Net with 3D residual connections trained on
BraTs 2019 dataset achieved mean dice score of 0.828.
However, its performance dropped to 0.697 for enhancing
tumor regions, due to class imbalance and low contrast in
MRI. Shehab et al. (2021) incorporated ResNet-50 into U-
Net’s encoder, for faster and more accurate segmentation
on BraTs2015 dataset achieved dice score as 86% with
faster convergence. Yet, the approach incurred pixel-wise
computation overhead in up sampling and required tuning
of convolutional blocks for different modalities. More
broadly, transfer learning using pretraining networks such
as VGG19 or ResNet has become popular in medical
imaging tasks but often struggles with domain adaptation,
especially when applied to MRI or CT imaging data.

To address the challenge of acquiring high-quality
annotated datasets for medical image segmentation,
Antonelli et al. (2019) introduced the Medical
Segmentation Decathlon (MSD), a diverse, multi-organ
dataset designed to evaluate generalizable segmentation
algorithms. Although MSD spurred methodological
progress, it does not include ischemic stroke-specific
modalities like DWI or FLAIR, which limits its relevance
in stroke research. Rekik et al. (2012) provided a
comprehensive review of segmentation and modeling
techniques for ischemic stroke and highlighted major
limitations, such as lesion swelling, reperfusion effects,
and variability in lesion evolution. These biological
complexities, combined with underutilized multimodal
MRI data, create substantial challenges for accurate
automated stroke lesion segmentation. In parallel, Zhuang
(2019) proposed LadderNet, a novel multi-path U-Net
variant with multiple encoder-decoder pairs designed to
improve feature reuse and learning capacity. Although
successful on retinal segmentation datasets (e.g., DRIVE,
CHASE _DBI1), LadderNet’s performance and scalability
for multi-sequence MRI in stroke segmentation remain
underexplored.

Recent advancement in deep learning for medical image
segmentation have focused on leveraging modality-specific
pathways to better utilize multispectral MRI data. Dolz et al.
(2019a) proposed a dense multi-path U-Net, implemented on
the ISLES 2018 dataset, that processes each image modality
(e.g., DWI, CBF, etc.) in separate streams and applies dense
connections both within and across streams. It outperformed
traditional early and late fusion U-Net approaches with
higher Dice score, lower Modified Hausdorff Distance
(MHD), and higher volumetric similarity (VS). Expanding
this idea, Dolz et al. (2019b) also introduced
HyperDenseNet, where every layer in each modality-specific
path is connected to all subsequent layers in every path. This
extensive connectivity promotes richer feature reuse and
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improved gradient flow. HyperDenseNet was evaluated on
two benchmark datasets: The iISEG-2017 dataset (for 6-
month infant brain tissue segmentation) and the MRBrainS
dataset (for adult brain segmentation), emphasizing its
strength in cross-modal feature integration. Zhang et al.
(2020) presented AResU-Net, integrating attention and
residual blocks which significantly improved performance
with dice score of 88% on BraTs2017 dataset on 2D slices.
However, its attention modules added computational
overhead and were less effective in low-contrast settings.
Alom et al. (2018) proposed RU-Net and R2U-Net,
combining recurrent convolutional layers with residual units
for enhanced feature reuse. It demonstrated superior
accuracy and parameter efficiency across diverse medical
image datasets including retina, skin cancer, and lung lesion.
However, this architecture also introduced computational
overhead due to recurrence with training time increases as
recurrent depth (t>2) increased. Finally Wu et al. (2023a)
proposed W-Net, a hybrid CNN-Transformer framework
with BDM and BCM modules that achieved strong
performance on ISLES 2022 and ATLAS datasets. It
introduced boundary detection modules for enhanced
segmentation accuracy, but was limited to 2D slices and
required significant computational resources, restricting its
scalability for clinical deployment.

Despite substantial advancements in deep learning-
based segmentation techniques, several challenges remain.
These include the variability in lesion appearance across
patients, the effective integration of multi-sequence MRI
data, and the demand for high segmentation accuracy
despite limited training samples. Although several
advanced architectures such as Dense Multipath
architecture by Dolz et al. (2019a), LadderNet by Zhuang
(2019), HyperDenseNet by Dolz et al. (2019b), and W-Net
by Wu et al. (2023b) have been proposed for medical image
segmentation, there is still ambiguity in the community
regarding the optimal stage early, middle, or late for fusing
multi-sequence MRI data to achieve accurate ischemic
stroke segmentation. U-Net, when trained properly,
remains a highly effective and robust architecture despite
its relative simplicity. However, a direct and systematic
comparison of U-Net variants namely classical U-Net,
transfer learning-based U-Net, and a sequence-specific
multi-encoder U-Net on a common benchmark like ISLES
2022 using a uniform preprocessing and followed by
feature fusion at the bottleneck and shared decoding,
achieving a balance between segmentation accuracy and
computational efficiency. Unlike attention-heavy models,
our design avoids additional attention modules to reduce
GPU memory usage and inference time, making it more
feasible for real-time or resource-constrained clinical
settings. Most existing studies either focus on a single
model or introduce novel architectures without
benchmarking them against such practical and
interpretable baselines. Moreover, few works analyze
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training dynamics (e.g., loss/score progression), report
computational efficiency, or consider deployment
feasibility in  resource-constrained environments.
Additionally, while multimodal fusion of different
imaging types such as CT and MRI is theoretically
desirable, it is rare to obtain both modalities for the same
patient, making such fusion strategies infeasible in most real-
world clinical datasets. This creates a meaningful gap in
understanding the practical trade-offs between model
complexity and segmentation performance under realistic
constraints for ischemic stroke lesion segmentation. Despite
the widespread use of U-Net and its variants in medical
image segmentation, their application to ischemic stroke
segmentation particularly on the ISLES 2022 dataset,
remains limited by several factors. This study aims to address
these limitations by evaluating and comparing three distinct
U-Net variants on the ISLES 2022 dataset, using Dice Score
and Dice Loss as key performance metrics.

Methods

Our proposed Methodology involves three U-Net
variants, classical U-Net, Transfer learning enhanced U-
Net and Customized U-Net which will be trained on
ISLES2022 dataset having three MRI sequences (DWI,
ADC and Flair). Rosa et al. (2024) focuses exclusively on
DWI, which is crucial for stroke diagnosis due to its
sensitivity in detecting acute ischemic lesions, the lack of
multi-sequence integration (e.g., FLAIR, ADC, T1, T1c)
could limit the model’s robustness across different
imaging conditions. Shah et al. (2020) utilizes ISLES
2015 dataset, incorporating four MRI modalities (DWI,
T1, Tlc, FLAIR) to improve segmentation accuracy and
achieved a 71% Dice Coefficient (DC) but lacks in
generalizability due to limited dataset size (only 28
Patients). By concerning both factors dataset size as well
as integration of different sequences, our proposed
architectures are explained under different sub sections.
These were implemented using the PyTorch deep learning
framework due to its flexibility and dynamic computation
graph support. All training and evaluation experiments
were performed on Google Colab with access to an
NVIDIA Tesla T4 GPU and A100 GPU, which enabled
efficient GPU acceleration for handling high-dimensional
MRI data. The models were trained end-to-end using the
Adam optimizer with Dice Loss as the objective function.
The flowchart in Figure 3 shows the key processes
occurred during the implementation of each model. The
pre-processing pipeline for the ISLES 2022 dataset was
meticulously developed for our work to standardize MRI
data across modalities and prepare it for deep learning-
based segmentation tasks. The first step involved loading
the MRI sequences (DWI, ADC, FLAIR) along with their
respective segmentation masks (msk.nii) using the
NiBabel, cv2 and numpy libraries. To ensure uniform
input dimensions across all samples, the 3D MRI volumes
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and masks were resized to a standard voxel shape of
128x128x128 using interpolation techniques provided by
the Scikit-lmage library. In biomedical image pre-
processing, the desired outcome requires precise
localization, ensuring that each pixel is assigned a
corresponding class label (Tursynova and Omarov, 2021).
To facilitate computational efficiency, each 3D MRI
volume was sliced along the axial plane to produce 128
2D slices per modality (DWI, ADC, and FLAIR).
Corresponding segmentation masks were processed in the
same way to ensure perfect alignment. All slices were
resized to a uniform shape and saved as .npy files for
efficient loading during training. Across 250 MRI
sessions and 4 data types (3 modalities + 1 mask), this
would result in a theoretical maximum of 384,000 2D
slices. However, many slices particularly those at the top
and bottom of the volumes were completely black (nhon-
informative), lacking brain tissue or lesion content. These
were excluded during preprocessing to eliminate
irrelevant data. After filtering, the final dataset comprised
108,676 meaningful 2D slices, or approximately 27,169
slices per modality and mask. This selective approach
ensured that only clinically relevant data was used,
improving training efficiency and model focus.

Preprocessing
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Classical U-Net

Among convolutional neural networks, U-Net
stands out as one of the most significant architectures,
offering high-quality medical image segmentation even
with limited training data (Jiangtao et al., 2025). The
classical U-Net was designed following a standard
encoder-decoder architecture with skip connections.
Each of the four convolutional blocks has two

nput : 128 x 128 x 3

convolutional layers, max-pooling for down sampling,
and ReLU activations. Four transposed convolutional
layers for up sampling, with concatenation of features
from the corresponding encoder layer (skip
connections) to preserve spatial details. The layer of
the outcome used a sigmoid activation to predict
probabilities for the binary segmentation task (stroke
lesion vs. background). The architecture of U-Net is
shown in Figure 4.
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Fig. 4: Classical UNET used for stacked MRI-sequences as input and segmented mask as output

Transfer Learning Enhanced Mobile-Net U-Net

As discussed in Section 1, we use transfer learning to
leverage pretrained ImageNet weights and improve
feature extraction, especially in domains with limited
annotated medical data. In such cases, cross domain
transfer learning where models pretrained on natural
images datasets are fine tuned for medical imaging tasks.
It can significantly enhance feature learning and detection
accuracy. In contrast, Cross-modal transfer learning
applies to transferring knowledge across modalities
within the same domain like pretrained model on MRI can
be used to transfer its knowledge in case of Ultrasound
data (Cheng and Lam, 2021). CNN-based models such as
VGG16, VGG19, ResNet, and DenseNet are widely
utilized as pretrained architectures in medical imaging
tasks like segmentation, classification, and detection,
owing to their ability to extract deep hierarchical features
and improve feature propagation. In the domain of
neurodegenerative diseases such as Alzheimer’s, deep
learning techniques have played a pivotal role in
advancing early diagnosis and monitoring disease
progression. For example, Polater and Sevli (2024)
reported a 99.92% classification accuracy for Alzheimer’s
diagnosis using MobileNetV2, demonstrating its potential
for robust medical diagnostic applications. Motivated by
such findings, our proposed methodology, the transfer
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learning-enhanced U-Net integrates a MobileNetV2
encoder pretrained on the ImageNet, replacing the
standard encoder in the classical U-Net architecture.
MobileNetV2, introduced by Sandler et al. (2018)
employs depth-wise separable convolutions and an
inverted residual structure with linear bottlenecks, which
makes it highly efficient for feature extraction with
reduced computational complexity. These properties are
particularly advantageous for data-scarce scenarios like
ischemic stroke lesion segmentation. Similar encoder
replacement strategies have shown promise in recent
studies. Notably, Aboussaleh et al. (2023) proposed an
efficient U-Net variant incorporating three parallel
pretrained encoders VGG-19, ResNet50, and
MobileNetV2 combined via a Bidirectional Feature
Pyramid Network (BiFPN) and followed by an attention-
based decoder. Their model, evaluated on the BraTS 2020
dataset, achieved Dice scores of 87.41% for whole tumor,
80.69% for core, and 70.33% for enhancing tumor,
highlighting the performance gains achievable through
multi-encoder transfer learning and hybrid feature fusion
techniques. In our model, MobileNetV2 extracts both
low-level and high-level features from the MRI sequences
(FLAIR, DWI, ADC). These hierarchical features are
passed to the decoder through skip connections,
preserving spatial context, Blockwise configuration is
shown in Table 1. The bottleneck layer consists of two
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convolutional layers with 1024 filters and ReLU
activations, followed by a decoder that mirrors the
classical U-Net, employing transposed convolutions and
skip connections. The final output layer uses sigmoid
activation to generate a binary stroke lesion segmentation
map. This architecture as shown in Figure 5. balances the
generalization strength of pretrained CNNs with the
spatial detail preservation of U-Net, making it an efficient
and accurate approach for stroke lesion segmentation
using limited medical data.

Customized U-NET With Separate Encoders and
Single Decoder

Our primary proposed methodology based on to
integrate  different modalities efficiently includes
customized U-Net architecture which was specifically
designed to leverage the unique features of multiple
sequences of MRI data (FLAIR, DWI, ADC) while
preserving sequence-specific information throughout the
segmentation pipeline (Wu et al., 2023a). Unlike the
classical and transfer learning-enhanced U-Net
approaches, this architecture employs separate encoder
paths for each input sequence and combines their feature
maps strategically during the decoding phase to ensure
optimal fusion of information. These encoders consist of
four convolutional neural blocks with max-pooling,
multiple normalization The ReLU algorithm activations,
and two layers of convolution each for down sampling.
The separate encoders allow each sequence to undergo
independent feature extraction, capturing unique spatial
and textural patterns without cross-modal interference.
The outputs from the deepest layers of the three encoders
are concatenated into a single representation. Two
convolutional layers with 1024 filters each are applied to
this fused representation using RelLU activations. To

Input : 128 x 128 x 3

reduce overfitting and improve generalization, Dropout
layers (with a rate of 0.3) were added after the final
encoder layers and the bottleneck stage. These layers
randomly deactivate a portion of neurons during training,
forcing the model to learn more robust features across
folds. This fusion at the bottleneck stage allows the model
to learn joint feature representations from all three
modalities (Aboussaleh et al., 2023). The decoder
reconstructs the segmentation map using up sampling
layers and integrates modality-specific features via skip
connections. The outputs from the three modalities'
respective encoder blocks are merged and transferred to
the following layer at each decoding stage. This
hierarchical feature fusion ensures that fine-grained
spatial information and high-level contextual features are
effectively combined. A 1x1 convolutional layer with a
sigmoid activation function is used in the ultimate output
layer in order to create a binary segmentation map. The
architecture is shown in Figure 6. The training process for
the Classical U-Net, Transfer Learning-Enhanced U-Net,
and Customized U-Net with Separate Encoders followed
a structured approach, with slight variations in hyper
parameters and training strategies to optimize each
architecture for ischemic stroke lesion segmentation. Dice
Loss was chosen as the major loss function because it
effectively addresses class imbalance and tiny lesion sizes
in medical images segmentation tasks, and the Adam
optimizer was utilized because of its adaptive learning
capabilities (Garcia-Salgado et al., 2024). To ensure fine-
tuned optimization, a scheduler for learning rates was
used to dynamically lower the learning rate by a factor of
0.01 if the verification loss did not improve for four
successive epochs. Furthermore, training was ceased early
if the validation Dice Loss did not change for ten
successive epochs.
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Table 1: Block wise Configuration of MobileNet V2

Block No. Expansion Factor Filter Input Size Output Size Stride
BN_1 Ix 16 64 x 64 x 32 64 x 64 x 16 1
BN_2-3 6x 24 64 x 64 x 16 32x32x%x24 2
BN_4-6 6x 32 32x32x24 16 x 16 x 32 2
BN_7-10 6x 64 16 x 16 x 32 16 x 16 x 64 1
BN_11-13 6x 96 16 x 16 x 64 8 x 8 x 96 2
BN_14-16 6x 160 8 x 8 x 96 4 x4 x160 2
BN 17 6X 320 4 x4 x160 4 x4 x 320 1

Evaluation Metrics

In line with the ISLES 2022 challenge guidelines
(Petzsche et al., 2022), we acknowledge that relying
solely on overlap-based metrics such as the Dice
Similarity Coefficient (DSC) may not fully capture
segmentation accuracy particularly for small punctiform
infarcts.  The  ISLES  organizers  recommend
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complementary lesion-wise metrics that account for
clinical interpretability, such as lesion count accuracy,
lesion presence/absence, infarct volume estimation, and
lesion detection F1-score. However, in this study, we
focused on voxel-wise metrics including Dice Score, loU,
Precision, Recall, and Hausdorff Distance to evaluate
segmentation quality. These metrics provide a strong
baseline for assessing model performance and will be
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extended in future work with lesion-wise evaluations to
align more closely with the challenge's ranking strategy
and clinical priorities.

Dice Similarity Coefficient (DSC)

The overlap between the ground truth and the
projected segregation is measured by the Dice
Similarity Coefficient which is shorthanded as (DSC),
focusing on the balance between true positives
(correctly identified lesion pixels) and both false
positives (pixels incorrectly predicted as lesion) and
false negatives (lesion pixels missed by the prediction).
It is calculated using the formula:

2XTP
2XTP+FP+FN

The Dice coefficient balances precision (how many
predicted lesions are correct) and recall (how many actual
lesions are correctly identified). It ranges from 0 for no
overlap to 1 for perfect overlap, making it an ideal metric
for assessing segmentation performance, particularly in
medical images where lesions are sparse compared to the
background (Sudre et al., 2017). Dice score near to 1
indicates that the predicted mask closely matches the
ground truth, with minimal false positives and false
negatives, ensuring accurate lesion identification.

DSC =

Dice Loss

The Dice Loss, being the complement of the loss
function termed the Dice Similarity Coefficient (DSC)
was created expressly to reduce the imbalance between
the ground truth and the anticipated segmentation,
particularly when the foreground (such as lesion zones)
makes just a tiny percentage of the the image (Sudre et al.,
2017). Prior work has shown that optimizing cross-
entropy loss while evaluating with Dice or loU metrics
leads to a mismatch, reducing segmentation performance
(Bertels et al., 2019). Surrogate losses like soft-Dice or
soft-Jaccard are preferred to better align the training
objective with evaluation metrics.The Dice Loss is
defined as:

Dice Loss =1 — DSC

In terms of TP, FP and FN, this becomes:

2XTP
2XTP+FP+FN

Dice Loss =1 —

Minimizing Dice loss ensures the model learns to
optimize the overlap for predictions and the ground truth
while reducing the impact of incorrect predictions (FP)
and missed detections (FN), leading to better
segmentation performance:
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Intersection Over Union (loU)

loU, also known as the Jaccard Index, measures the
overlap between the predicted and ground truth masks
relative to their union:

TP

oV =y P+ PN

While Dice and loU are related, tends to penalize
mismatches more heavily and complements the Dice
Score.

Precision

Precision, quantifies how many of the predicted lesion
pixels are correct:

TP

P .. L
recision TP + FP

Hausdorff Distance (HD)

HD measures the maximum distance between the
predicted(P) and ground truth (A) contours. It reflects
boundary accuracy and is sensitive to outliers, making it
important for evaluating segmentation of small or
irregularly shaped lesions (Garcia-Salgado et al., 2024).

HD(P,A) = max(rggpx min d(p,a), max 717)16151 d(a,p)

Results and Discussion

This section presents a comprehensive evaluation of
the three implemented U-Net architectures using the
ISLES 2022 dataset. The models were compared based on
segmentation accuracy,convergence behaviour,
computational efficiency and generalization performance
across cross-validation folds. Each model was assessed
using key segmentation metrics: Train Dice Score,
Validation Dice Score, Train Loss, and Validation Loss,
are shown below in the Table 2.

The classical U-Net recorded the lowest performace,
with a validation Dice Score of 0.5966, indicating limited
generalization capability. The Transfer Learning-
Enhanced U-Net improved significantly, achieving a
validation Dice Score of 0.7844, benefiting from
pretrained MobileNetV2 features. The Customized U-Net
with Separate Encoders outperformed both, with the
highest validation Dice Score of 0.8409 and lowest
validation loss, highlighting the advantage of modality-
specific feature extraction and fusion. The feasibility of
deploying these architectures in clinical environments
was assessed through model size, inference time per 2D
slice, and GPU memory usage, summarized in Table 3.
The Transfer Learning U-Net offered the most
lightweight implementation, with the lowest inference
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time and memory usage. In contrast, the Customized U-
Net incurred higher computational cost due to its multi-
branch encoder structure but provided superior

segmentation accuracy. All models remained within
acceptable limits for near-real-time clinical use (<1.2

seconds per slice).

Table 2: Dice Score and Dice Loss among three U-Net Variants

Transfer Learning U-Net

Customized U-Net

Model Meic Classical U-Net
Training Dice Score 0.6507
Validation Dice Score 0.5966
Training Loss 0.4409
Validation Loss 0.4793

0.8243
0.7844
0.237
0.266

0.8680
0.8409
0.1583
0.1772

Table 3: Computational performance comparison of the three U-Net variants

Metric Classical U-Net

Transfer Learning U-Net
(MobileNetV2 Encoder)

Customized U-Net (Separate
Modality Encoders)

Parameter Count ~7.8 million
Average Inference Time 0.72 sec
(per 2D slice)

Peak GPU Memory Usage ~5.4 GB

~3.6 million
0.58 sec (fastest)

~4.8 GB(lowest)

~10.4 million
1.12 sec (slowest)

~6.7 GB

As shown in Figure 7, the Customized U-Net with
separate  modality-specific  encoders  consistently
outperformed both the Classical and Transfer Learning-
based U-Nets across all four evaluation metrics. However,
the classical U-Net lagged behind both in accuracy and
convergence behavior, confirming the limitations of a single-
encoder structure when handling multi-modal MRI data.

The plot in Figure 8 compares the validation dice score
trends across 25 epochs for U-Net variants. The
Customized U-Net consistently achieves the highest
validation Dice score, demonstrating  superior
segmentation accuracy and convergence behavior
compared to the other models. The Transfer Learning U-
Net shows stable improvement, while the Classical U-Net
lags behind in both convergence and final performance.

To ensure robust evaluation, the customized U-Net
with separate encoders was further validated using 5-fold
cross-validation. This approach assesses the model's
generalizability across varying data splits and reduces the
risk of overfitting. The evaluation metrics included
Validation Dice Score, Intersection over Union (loU),
Precision, Recall, Hausdorff Distance, and Inference
Time per slice, as summarized in Table 4.

Comparison of Dice Score and Loss Across U-Net Variants

= Train Dice
= Validation Dice

Train Loss
m—validation Loss

net et et
Cclassical U ranster Lea™"d customized

Fig. 7: Comparison of Dice Score and Loss Metrics across
U-Net variants

Validation Dice Score Over Epochs for U-Net Variants

Validation Dice Score
o o
- s

]
W

o
o

0.1

RN o

11 13
Epoch

15 17

Fig. 8: Validation Dice Score Over Epochs for U-Net Variants

Table 4: Cross Validation Metrics recorded for Customized U-Net

Metric Mean Standard
Deviation

Validation Dice Score  0.7465 0.0748
loU 0.5846 0.0875
Precision 0.8274 0.0511
Recall 0.682 0.095
Hausdorff 24.84 2.130
Inference Time(sec) 0.014 0.002

Training vs Validation Dice Score Over Epochs (Fold 1)

—e— Train Dice Score
—&— validation Dice Score

Epoch

Fig. 9: Training vs. Validation Dice Score Over Epochs (Fold1)
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The cross-validation metrics confirm the model’s
strong generalization capibility and competitive inference
time, affirming its applicability in clinical scenarios for
stroke lesion segmentation. Fig. 9 depicts the training and
validation dice score progression across 25 epochs for the
customized U-Net model during Fold 1. The training
curve shows steady improvement, while the validation
curve closely follows it, indicating stable generalization
without overfitting.

The model achieves the peal validation dice score of
0.7197 at epoch 24. To account for minor fluctuation, the
average validation dice score over the last three epochs is
approximately 0.7138, refleting consistent segmentation
performance as the model converges.

Qualitative Results and Discussion

The qualitative evaluation highlights the visual
segmentation performance of the three U-Net variants:
Classical U-Net, Transfer Learning-Enhanced U-Net, and
Customized U-Net with Separate Encoders on different
inputs. Visual comparisons of segmentation masks on
ischemic stroke lesions are shown in Figure 10. These
reveal observations as the Classical U-Net struggled with
accurately delineating lesion boundaries, particularly in
cases with small and irregular lesion shapes.

Input: ADC with Lesion Mask  Input: DWI with Lesion Mask Input: FLAIR with Lesion Mask
ADC with Lasion Mask Vit with Lesion Mask FLAIR with Lesion Mask

Classical UNET Transfer Learning+UNET Customized+UNET

Input: ADC with Lesion Mask Input: DWI with Lesion Mask Input: FLAIR with Lesion Mask
ADC with Lesion Mask OV with Lesion Mask FLAR with Lesion Mask

Classical UNET

Customized+UNET

Transfer Learning+UNET

Fig. 10: Qualitative = Segmentation  results for two

representative cases using three UNet variants
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Observed  issues include  over-segmentation
(predicting lesions larger than the actual size) and under-
segmentation (missing portions of the lesion), especially
in complex cases with low contrast. By leveraging the
pretrained MobileNetV2 encoder, the Transfer Learning-
Enhanced U-Net achieved notable improvements in
segmentation quality. The model exhibited better spatial
alignment of predicted masks with ground truth lesions,
reducing the incidence of both false positives and false
negatives. However, it occasionally struggled with fine-
grained lesion boundaries, particularly for highly irregular
regions. The Customized U-Net with Separate Encoders
consistently delivered the most accurate segmentation
masks across all cases. It excelled in preserving small and
irregular lesion structures, demonstrating superior spatial
accuracy , better boundary delineation and strong
generalization. This performance can be attributed to its
ability to extract MRI sequence-specific features from
DWI, ADC, and FLAIR inputs and effectively fuse these
features in the decoder.

Conclusion

This study presented a comprehensive comparative
analysis of three U-Net variants Classical U-Net, Transfer
Learning-Enhanced U-Net, and a Customized U-Net with
Modality-Specific Encoders for ischemic stroke lesion
segmentation using the ISLES 2022 dataset, which
includes DWI, ADC, and FLAIR MRI sequences. The
results clearly demonstrate that incorporating pretrained
encoders and modality-specific processing significantly
improves segmentation accuracy over the classical U-Net.
The Transfer Learning-Enhanced U-Net, utilizing a
MobileNetV2 encoder pretrained on ImageNet, exhibited
strong  generalization  capabilities and reduced
computational ~ overhead. However, the highest
performance was achieved by the Customized U-Net,
which features separate encoder branches for each MRI
modality. This architecture preserved sequence-specific
features and enabled effective fusion during decoding,
resulting in a validation Dice Score of 0.8409 and stable
convergence across training folds. The use of Dice Loss
further addressed class imbalance, improving the model's
ability to segment small and irregular stroke lesions.
Despite these advancements, challenges remain
particularly in segmenting highly variable and subtle
lesion patterns and managing the increased computational
cost of multi-branch models. Future work will focus on
incorporating Swin Transformer blocks into the decoder
to better capture global contextual features and boundary
precision, Implementing ensemble learning strategies to
combine model strengths. Ultimately, this research
highlights the critical role of modality-aware deep
learning architectures in advancing stroke lesion
segmentation and paves the way for more reliable,
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generalizable, and clinically applicable tools.
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