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Abstract

In light of the growing prevalence of the autoimmune disease multiple sclerosis (MS),
accurate detection of MS lesions in brain magnetic resonance imaging (MRI) images plays
a critical role in assisting neurologists with timely diagnosis. The high similarity between
MS lesions and normal brain tissues, however, makes this task particularly challenging.
Although numerous deep-learning-based approaches have been proposed for the automatic
segmentation of MS lesions, the method presented in this study has achieved superior
results. ZechariahNet is a U-Net-based architecture that integrates transition down blocks,
squeeze-attention (SA) blocks, dense blocks, and Convolutional LSTM (C-LSTM) blocks
within a 3D CNN framework. By jointly exploiting spatial–temporal information from
three consecutive MRI slices (previous, current, and subsequent) and strategically applying
C-LSTM modules across the encoder and decoder paths, the proposed model effectively
captures the neighborhood dependencies for enhanced feature extraction and reconstruc-
tion. These architectural innovations significantly improve segmentation accuracy, enabling
ZechariahNet to achieve a dice similarity coefficient (DSC) of 84.72%, outperforming exist-
ing state-of-the-art methods.

Keywords: multiple sclerosis; MRI; 3D CNN; C-LSTM; deep learning

1. Introduction
Multiple sclerosis (MS) is a chronic, inflammatory, and neurodegenerative disease

of the central nervous system (CNS), which is characterized by demyelinating plaques
in the brain and spinal cord. Accurate segmentation of these lesions from magnetic reso-
nance imaging (MRI) is crucial for a reliable quantification of lesion numbers, monitoring
disease progression, and evaluating treatment response. Among MRI modalities, fluid-
attenuated inversion recovery (FLAIR) imaging is particularly effective for this purpose, as
it suppresses signals from cerebrospinal fluid and enhances the visibility of white matter
lesions [1]. Figure 1 illustrates a sample of a FLAIR image from an MS patient in the
ISBI2015 dataset, alongside the corresponding expert-annotated lesion mask.

Algorithms 2026, 19, 72 https://doi.org/10.3390/a19010072

https://crossmark.crossref.org/dialog?doi=10.3390/a19010072&domain=pdf&date_stamp=2026-01-15
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/algorithms
https://www.mdpi.com
https://orcid.org/0000-0003-2133-3480
https://orcid.org/0000-0002-8887-0339
https://doi.org/10.3390/a19010072


Algorithms 2026, 19, 72 2 of 18
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Figure 1. (a) A sample of an MRI FLAIR image from the ISBI2015 dataset. (b) The annotation of the
lesion mask.

Traditionally, the identification of MS lesions has relied on a manual assessment
by expert radiologists, who visually inspect MRI slices and detect lesion regions based
on intensity differences. Although this approach can obtain precise results, it requires
substantial time and is often inconsistent due to differences both between experts and
within repeated assessments by the same expert. The subjectivity of manual interpretation
often leads to inconsistencies across experts and sessions, particularly when lesions are
small or have unclear boundaries. These drawbacks have motivated a growing interest in
automated methods for MS lesion segmentation. Early automated techniques were mainly
based on classical machine learning algorithms, such as k-means clustering, Gaussian
mixture models, and random forests. These methods extracted handcrafted features related
to voxel intensity, spatial context, or texture, which were used for lesion classification.
Despite their initial success, such approaches heavily depended on expert knowledge and
dataset-specific parameter tuning, limiting their generalization across scanners, imaging
protocols, and clinical centers. Moreover, they often are not able to distinguish true lesions
from noise or artifacts, especially in heterogeneous or low-contrast MRI data [2].

More advanced artificial intelligence methods, such as deep learning methods, revolu-
tionized medical image analysis by allowing models to learn directly from the data [3,4].
Convolutional neural networks (CNNs) became the dominant method for automated seg-
mentation tasks, due to their ability to learn hierarchical and task-specific representations
without requiring handcrafted features. Architectures such as U-Net and its numerous
variants have achieved promising performance in biomedical image segmentation by
combining global contextual information with fine-grained spatial detail through encoder–
decoder designs and skip connections. However, despite these advances, the existing
CNN-based models still face significant challenges in MS lesion segmentation, including
difficulty in detecting small or low-contrast lesions, sensitivity to intensity variations, and
limited generalization across multi-center datasets [5]. The existing approaches face signifi-
cant challenges such as insufficient accuracy in detecting multiple sclerosis (MS) plaques,
even when evaluated using relatively favorable Dice score criteria, and the absence of
segmentation algorithms that achieve an acceptable Dice score. In this work, we aim to ad-
dress these limitations by proposing a novel segmentation framework called ZechariahNet.
Given the limitations outlined above, and considering the substantial similarity between
MS plaques and normal brain tissue, as well as the tendency of these plaques to adhere to
one another, accurately determining changes in the size and volume of each white plaque
is extremely challenging. As a result, reliably determining changes in the size, volume, and
number of white matter plaques across successive follow-up scans is nearly impossible for
neurologists by using visual inspection alone.

The innovation of this research lies in the segmentation of MS plaques of three con-
secutive MRI slices (concluding previous, current, and subsequent) with higher accuracy
than previous works, resulting in a more accurate diagnosis of the disease and a Dice score
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of 84.72%. This increase was achieved by combining the set of transition down blocks,
dense blocks, and SA blocks with the C-LSTM block, using 3D CNN algorithms in the
proposed network (ZechariahNet). In this model, the C-LSTM blocks are exactly located
after each SA block (vertically and horizontally in the architecture). We apply C-LSTM
modules vertically across the encoder path exactly after each SA block, to capture the
neighborhood dependencies to reach advanced feature extraction, and we apply C-LSTM
blocks across the decoder paths horizontally to capture neighborhood dependencies for
better reconstruction.

The rest of this paper is organized as follows. In the next section, we review the
most recent studies in this area. Section 3 describes the materials and methods. Sections 4
and 5 present the experiments and results, and the discussion, respectively. Finally, the last
section provides the conclusion.

2. Literature Review
This section presents a comprehensive review of deep learning approaches proposed

for the segmentation of MS lesions. Aslani et al. [6] proposed an automated method for
MS lesion segmentation from multi-modal brain MRI using a deep end-to-end 2D CNN
designed for slice-based processing of 3D data. The network features a multi-branch
down-sampling path to independently encode modality-specific information, along with
multi-scale feature fusion blocks that integrate features from different modalities at various
levels. In the upsampling path, multi-scale feature upsampling blocks are used to recover
the spatial and shape information of lesions. The model was trained using axial, sagittal,
and coronal images to exploit contextual information in all directions. Evaluations on the
ISBI 2015 dataset achieved a Dice value of 76%.

Zhang et al. [7] proposed ALL-Net, a cascaded 3D U-Net followed by 2D anatomical
convolutional modules that aggregate 2D predictions into a 3D segmentation mask. The
model achieved an overall Dice score of 63.9% on the ISBI 2015 dataset. Notably, it intro-
duced a lesion-wise loss function and distance-map channels to enhance the detection of
small lesions, which are often overlooked by traditional voxel-wise loss functions.

Hashemi et al. [8] proposed the segmentation of MRI FLAIR and T2 images by using a
modified U-Net and Attention U-Net, proposing the fusion of the masks obtained from a
better segmentation of FLAIR and T2, and could obtain a Dice score of 81%.

Sarica et al. [9] developed a Dense-Residual U-Net enhanced with Attention Gates
(AG), Efficient Channel Attention (ECA), and an Atrous Spatial Pyramid Pooling (ASPP)
module. Using a three-plane 2D fusion strategy, their method achieved a mean Dice of
0.6688 on the ISBI 2015 dataset. This architecture effectively combines dense and residual
blocks to increase the network depth while attention mechanisms and the ASPP bottleneck
refine feature maps and suppress false positives.

Rondinella et al. [10] proposed a framework that combines U-Net with convolutional
long short-term memory and attention modules to segment and quantify lesions in MRI.
The method outperforms the existing approaches, achieving an average 84% DSC and
demonstrating robustness on the ISBI2015 dataset.

Wahlig et al. [11] examined the effectiveness of transfer learning for improving multiple
sclerosis (MS) lesion segmentation, using limited training data. The authors employed
a private MRI dataset of 149 patients (2014–2021) and trained 3D convolutional neural
networks for three segmentation tasks: (1) single-timepoint FLAIR lesion segmentation,
(2) new lesion detection between timepoints, and (3) enhancing lesion segmentation on
post-contrast T1 images. The best performance was achieved in the enhancing lesion
segmentation task when using transfer learning, with a lesion-wise sensitivity of 0.74 and
PPV of 0.69, significantly outperforming the de novo model (sensitivity = 0.44, PPV = 0.37).
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Krishnan et al. [12] developed a 3D multi-arm U-Net for T2 lesion segmentation,
trained on a large dataset from relapsing MS clinical trials. Its generalization was tested on
various datasets, achieving a mean DSC ≥ 0.66 and sensitivity of ≥0.72 internally, and 0.62
and 0.68 externally. Their results indicated that performance decreased for smaller lesions.

Zhang et al. [13] introduced a generalizable MS lesion segmentation model based on
the standard U-Net architecture without structural modifications. The authors proposed
a test-time self-ensembled lesion fusion (SELF) strategy, which achieved a Dice score of
68.2% on the ISBI 2015 MS segmentation challenge. The method demonstrated robustness
across different ensemble parameters and superior generalization performance on clinical
datasets acquired from various scanners. Additionally, the study showed that instance
normalization outperformed batch normalization in terms of cross-dataset generalization.

Zhu et al. [14] conducted a comparative study on MS lesion segmentation, using
four advanced deep learning architectures: YOLOv9e, YOLOv9c, UNeXt, and nnU-Net.
The models were trained and evaluated, using the publicly available MICCAI 2016 MS
lesion segmentation challenge dataset to ensure standardized benchmarking. Among the
tested methods, YOLOv9e and YOLOv9c achieved Dice scores of 0.57, indicating moderate
performance for coarse lesion localization. In contrast, UNeXt and nnU-Net achieved higher
accuracies, with Dice scores of 0.79 and 0.76, respectively, demonstrating their superior
ability to capture detailed lesion boundaries and spatial characteristics.

Pishvai et al. [15] integrated brain parcellation into a diffusion-based MS lesion seg-
mentation framework and evaluated it on the ISBI 2015 dataset. While parcellation did
not substantially improve the average segmentation accuracy, it enhanced robustness by
reducing variability across brain regions and improved sensitivity to small lesions. The
method achieved a Dice score of 74.14%.

Hindawi et al. [16] conducted a multi-center study across three clinical sites, in which
a self-configuring nnU-Net was trained within a federated learning (FL) framework. The
resulting cross-site ensemble achieved Dice scores ranging from 0.66 to 0.80 on held-out
datasets, demonstrating that privacy-preserving FL can attain state-of-the-art performance
despite scanner heterogeneity and the absence of data sharing.

Andishgar et al. [17] proposed R2AUNet, a 3D U-Net architecture enhanced with
recurrent residual blocks and dual attention gates for FLAIR-only lesion segmentation.
Trained on 112 MRI scans from 95 patients, the network achieved a Dice Similarity Coeffi-
cient of 0.768 on the test set, with precision and recall scores of 0.825 and 0.765, respectively.
These results highlight the model’s effectiveness in capturing spatial dependencies and
refining lesion boundaries, particularly in cases of small or low-contrast lesions.

Gaj et al. [18] used transfer learning techniques by fine-tuning a pre-trained model
with a limited number of labeled scans; the proposed approach aimed to improve seg-
mentation accuracy. The methodology involved subject-specific fine-tuning, where the
model was adapted using the first scan of each subject to achieve better segmentation
results in subsequent scans. The proposed method could achieve a DSC of 79.2% on the
ISBI 2015 dataset.

Belwal et al. [19] proposed a modified U-Net architecture for MS lesion segmentation
using the ISBI 2015 dataset. The model achieved high accuracy and robust performance,
with a Dice score of 77.56% on the training set and 73.98% on the test set, surpassing
previous benchmarks. Additional metrics included accuracy ~99.3%, precision 73–74%,
and recall 91–94%, demonstrating the model’s effectiveness in accurately detecting and
delineating MS lesions. The results highlight the potential of the modified U-Net for
improving MS diagnosis and management.

Zhang et al. [20] proposed UNISELF, a deep learning method for automated MS
lesion segmentation that balances high in-domain accuracy with strong out-of-domain
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generalization. Trained on the ISBI 2015 longitudinal MS dataset, UNISELF uses test-
time self-ensembled lesion fusion and instance normalization to handle domain shifts
and missing contrasts. The model achieved a Dice score of 66.4% and PPV of 88.2%,
outperforming benchmark methods on both the ISBI test set and multiple out-of-domain
datasets, including MICCAI 2016, UMCL, and a private multisite dataset.

Table 1 provides a concise overview of the representative MS lesion segmentation
methods reported in the literature, including studies evaluated on different datasets.

Table 1. Summary of some MS lesion segmentation studies.

Study Year Network Dataset

Aslani et al. [6] 2019 2D CNN multi-branch fusion ISBI 2015

Zhang et al. [7] 2021 ALL-Net (3D U-Net + 2D AC modules) ISBI 2015

Hashemi et al. [8] 2022 Modified U-Net + Attention U-Net (FLAIR +
T2 fusion) Custom dataset

Sarica et al. [9] 2023 Dense-Residual U-Net + AG + ECA + ASPP ISBI 2015

Rondinella et al. [10] 2023 U-Net + ConvLSTM + Attention ISBI 2015

Wahlig et al. [11] 2023 3D CNN + Transfer Learning Private dataset (149 subjects)

Krishnan et al. [12] 2023 Multi-arm U-Net ISBI 2015

Zhang et al. [13] 2024 SELF + U-Net (no structural modification) ISBI 2015

Zhu et al. [14] 2024 YOLOv9e/YOLOv9c/UNeXt/nnU-Net MICCAI 2016

Pishvai et al. [15] 2024 Brain parcellation ISBI 2015

Hindawi et al. [16] 2025 Federated Learning nnU-Net Multi-center

Andishgar et al. [17] 2025 R2AUNet (Rec. Residual + Dual Attention) 112 scans

Gaj et al. [18] 2025 Transfer Learning (subject-specific fine-tuning) ISBI 2015

Belwal et al. [19] 2025 Modified U-Net ISBI 2015

Zhang et al. [20] 2025 UNISELF (self-ensembled, inst. norm.) ISBI 2015 + external sets

Overall, the recent work on MS lesion segmentation shows a movement from standard
U-Net models toward architectures that use attention, 3D information, transfer learning,
and even federated learning. Although these methods have improved performance, chal-
lenges such as the ongoing need for higher segmentation accuracy, scanner variability,
limited annotated data, and poor cross-center generalization are still major challenges.
With these gaps in mind, the next section describes our proposed approach and explains
how it aims to improve the robustness and reliability of lesion segmentation.

3. Materials and Methods
In this section, the dataset and proposed method are described in Sections 3.1 and 3.2,

respectively. Section 3.2 comprises two subsections, Sections 3.2.1 and 3.2.2, presenting our
preprocessing approach and the proposed ZechariahNet network architecture.

3.1. Image Dataset

In this study, we utilized a subset of the publicly available ISBI2015 Challenge dataset.
ISBI2015 was presented at the Longitudinal MS Lesion Segmentation Challenge [21], which
was arranged in association with the 2015 ISBI conference. The complete dataset comprises
19 patients’ MR images, which were collected at multiple timepoints using a 3.0 T scanner;
however, only 5 patients with the appropriate segmentation were available. The five chosen
patients participated in data collection at various timepoints. Each acquisition consists of
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the original MR images, together with corresponding segmentation masks indicating the
MS lesions. Each scan includes 4 distinct image sequences: T1-weighted, T2-weighted,
PD-weighted, and FLAIR. Since MS lesions in white matter appear clearer and more
hyperintense on FLAIR images than on other imaging sequences, we only employed FLAIR
images in our experiments. There are 181 images in each sequence of Flair, with a size of
181 × 217.

3.2. Proposed Method

In this study, we first preprocess the data, and then these data are fed to the proposed
network for training. After training, the performance of the model is evaluated by using
test images. Figure 2 presents the block diagram of the proposed method.

 

Figure 2. The block diagram of the proposed method (ZechariahNet).

3.2.1. Preprocessing

At this stage, we performed several data augmentation approaches to strengthen ro-
bustness and increase the generalization of the model. The augmentation includes rotation
and a horizontal flip to add variability while maintaining important spatial relationships
by changing the scale of images [22]. After augmentation, non-clinically irrelevant regions
were removed by cropping areas outside of the brain, and all images and their correspond-
ing masks were then resized to 160 × 160 pixels to ensure consistency across the dataset.
This approach is consistent with that adopted by Hashemi et al. [8] and Rondinella et al. [10].
Figure 3 shows two MRI slices before and after preprocessing.
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Figure 3. A phase of preprocessing: trimming the area of the black border. (a,c) are original slices,
while (b,d) are preprocessed ones. The dashed red box indicates the trimming border.

3.2.2. Proposed Network Architecture

Reducing image dimensionality may result in the loss of important information. To
minimize this loss, improve accuracy, and enhance processing robustness, the proposed
algorithm considers both the preceding and subsequent slices when evaluating each image
simultaneously. The traditional U-Net architecture is strengthened and expanded upon in
our proposed model. It is customized for MS lesion detection through FLAIR MRI images,
which are reinforced and expanded upon in our proposed model, ZechariahNet.

In this study, the proposed method is derived from an improvement of the classical
version of the U-Net architecture [23,24], with a special focus on segmentation of MS lesions
from MRI FLAIR images to achieve higher accuracy in MS plaque detection. As shown
in Figure 4, the proposed architecture utilizes an enhanced encoder–bottleneck–decoder
structure. This customized architecture consists of a 3 × 3 × 3 convolution block on the
input side and a 1 × 1 convolution block on the output side. The following combination is
used on the encoder side. In the first stage, we have a convolutional block, dense blocks,
and SA modules [25,26]. From the second stage, each step has been promoted by integrating
transition down blocks, dense blocks, and SA modules.

• The dense blocks extract hierarchical, multi-scale spatial features, promoting feature
reuse and mitigating the vanishing gradient issues. This enables the network to learn
complex and discriminative representations of lesion boundaries.

• The SA blocks apply both channel-wise and spatial attention mechanisms to empha-
size the most informative features and suppress irrelevant ones. In particular, the
attention mechanism introduces a pixel-group attention process, enabling the model to
focus on groups of neighboring pixels that likely belong to the same lesion region. This
is particularly important in MS lesion segmentation, where the lesions often appear as
small, irregular, and poorly contrasted regions.

• The transition down blocks reduce the spatial resolution of the feature maps while
increasing their depth, allowing deeper layers to process more abstract information.

Among the stages of the encoder side, we have added C-LSTM [27,28] units after each
SA block (in both vertical and horizontal paths) to further enhance feature modeling. These
recurrent convolutional units allow the network to integrate contextual dependencies along
both spatial dimensions, leading to a more robust and feature-aware representation of
lesion patterns. Although the primary C-LSTM unit is located in the bottleneck to capture
inter-slice correlations, similar units can also be added in the decoding path to reinforce
contextual recovery during upsampling, potentially improving spatial consistency in the
reconstructed masks.
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• The C-LSTM blocks are used to model inter-slice spatial dependencies across con-
secutive MRI slices. Unlike traditional 2D U-Net architectures that process each slice
independently, the integration of C-LSTM allows the model to exploit contextual
information from neighboring slices, improving the coherence and continuity of lesion
detection. This approach leverages the sequential nature of MRI scans and leads
to better generalization and higher segmentation accuracy. These additions enable
the network to capture rich spatial patterns as well as sequential and directional
dependencies, which are essential for accurately detecting small and irregular MS
lesions.

 

Figure 4. The architectural view of ZechariahNet. This hybrid model combines transition down
blocks, dense blocks, SA blocks, and C-LSTM blocks.

In the proposed architecture, C-LSTM modules are deployed at multiple network
levels, with two distinct modes of information propagation: horizontal and vertical. Hori-
zontally propagated C-LSTM modules transfer information across parallel network paths,
enabling enhanced neighborhood-aware feature interaction. Vertically propagated C-LSTM
modules forward information to subsequent network stages, reinforcing spatial–temporal
neighborhood dependencies across successive representations.

These two propagation modes serve different functional purposes and exhibit different
learning behaviors. Horizontal C-LSTMs primarily focus on strengthening neighborhood-
aware feature extraction by facilitating contextual interactions across parallel representa-
tions, while vertical C-LSTMs aim to preserve and propagate spatial–temporal contextual
information across stages. As a result, separate C-LSTM modules are employed to effec-
tively model these distinct behaviors. Importantly, this design choice does not introduce a
significant increase in model complexity; the dominant computational overhead is mainly
attributed to the use of the 3D CNN backbone.
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Although the network processes consecutive frames using slice-based representations,
three-dimensional context is explicitly captured through 3D convolutional kernels that
operate across both spatial and inter-slice dimensions. Additionally, C-LSTM modules
further reinforce spatiotemporal dependencies by modeling neighborhood relationships
between successive feature representations.

At the input stage, three consecutive FLAIR slices are provided in grayscale. A
conventional layer expands the number of channels to extract low-level visual information
such as edges, textures, and intensity transitions. The resulting feature maps are then passed
through the encoder, which consists of five hierarchical levels. Each encoder level consists
of a dense block that extracts multi-scale spatial features, followed by an SA module that
highlights the most informative regions while suppressing irrelevant background responses.
Immediately after each SA block, the network applies two directional C-LSTM units: one
processing features horizontally and the other vertically. These recurrent units allow the
model to integrate the spatial context along both axes, helping it to better understand the
elongated or irregular shapes of MS lesions. The transition down block then reduces the
spatial resolution while increasing the feature depth, allowing deeper layers to learn more
abstract representations.

The bottleneck represents the most compressed and high-level stage of the network.
It includes a dense block for deep feature extraction, followed by a C-LSTM that models
inter-slice dependencies across the neighboring MRI slices. Unlike a standard 2D U-Net
that treats each slice independently, this sequential modeling improves the coherence and
continuity of lesion appearance across slices, leading to more stable segmentation results.

The decoder mirrors the encoder in structure, progressively restoring spatial resolution
through transition up blocks. At each level, skip connections bring in the corresponding
encoder features, helping the decoder to recover fine-grained lesion boundaries that may
have been lost during down-sampling. Similarly to the encoder, each decoder level also
contains a dense block followed by an SA module, and again, two directional C-LSTM
units are placed immediately after each SA block. These C-LSTM units reinforce spatial
consistency during reconstruction and help the network to maintain the structural coher-
ence of lesions when upsampling. Finally, a convolutional layer followed by a Softmax
activation produces the pixel-wise segmentation map of the central slice.

Compared to the U-Net, the proposed architecture provides a richer and more context-
aware feature representation. The addition of SA modules allows for the model to focus
more effectively on lesion-relevant regions. Dense blocks promote feature reuse and
improve gradient flow, making the network easier to train and more expressive. The
use of C-LSTM units, both directional ones at every level and the inter-slice unit at the
bottleneck, enables the model to learn patterns that extend across space and across slices:
something that traditional U-Net cannot achieve. Overall, the model becomes more robust
in identifying subtle, low-contrast MS lesions and more accurate in reconstructing their
shapes and boundaries.

This combined design creates a sequentially enhanced, attention-guided U-Net variant
that captures both local texture details and broader spatial relationships, leading to precise
and reliable MS lesion segmentation in FLAIR MRI scans.

4. Experiments and Results
Our experiments were implemented in Python (version 3.9.7) with the PyTorch 2.1.0

library, using a Windows-based operating system. For the implementation of our deep-
learning-based architecture, six NVIDIA V100 GPUs, each equipped with 40 GB of memory,
were used. A five-fold cross-validation strategy was adopted in this study. In Fold 1,
1119 images were used for training, 197 images for validation, and 70 images for testing. In
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Fold 2, the dataset was split into 1119 training images, 183 validation images, and 84 test
images. For Fold 3, 1119 images were assigned for training, 200 for validation, and 67 for
testing. In Fold 4, 1136 images were used for training, 208 images for validation, and
42 images for testing. Finally, in Fold 5, 1111 images were allocated for training, 225 images
for validation, and 50 images for testing. This fold-wise partitioning ensures a fair and
reliable evaluation of the proposed model while preventing data leakage.

While training the proposed network, a dropout rate was applied to prevent overfit-
ting and improve generalization. Also, the Adam optimizer was employed for parameter
optimization due to its adaptive learning capability and efficient handling of sparse gradi-
ents [29]. The hyperparameters used in this study are presented in Table 2. As mentioned
before, in the first stage, MRI images from the ISBI2015 dataset were preprocessed. Then,
they were given to the proposed network for MS plaque segmentation. Due to the limited
number of patients involved in the study (five individuals), as well as the small number
of scans (totaling just 21), the evaluation process was executed similarly to the method
employed by Hashemi et al. [8]. Specifically, a 5-fold cross-validation strategy was imple-
mented. The model achieving the highest Dice score on the validation set for each fold was
then selected for all subsequent tests. Additionally, data augmentation was applied to the
training samples in each folder.

Table 2. List of hyperparameters used in this study.

Hyper-Parameters Values

Batch size 12

Drop out 0.2, 0.1, 0

Learning rate 3 × 10−4

Weight decay 3 × 10−4

Learning rate decay 0.99

Optimizer Adam

Number of parameters 13 M

Number of epochs 165

Training computation time 3.0 h

Since the network receives the target slice, along with its previous and next slices, as
input, special care was taken to ensure that the augmentation process did not disrupt this
ordering, and all three slices were augmented in a coordinated way, so their alignment and
order stayed correct.

Model evaluation was carried out by comparing the predicted segmentation masks
with the reference masks provided by a clinical expert. Dice score, sensitivity, specificity, ac-
curacy, PPV, and NPV were used as evaluation metrics, as defined in Equations (1)–(6) [30].

Sensitivity =
TP

TP + FN
(1)

Specificity =
TN

TN + FP
(2)

Accuracy =
TN + TP

TN + TP + FN + FP
(3)

DSC =
2TP

2TP + FP + FN
(4)
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PPV =
TP

TP + FP
(5)

NPV =
TN

TN + FN
(6)

• True positive (TP) is the number of pixels that the model correctly labeled as an
MS lesion.

• True negative (TN) is the number of pixels that the model correctly labeled as
normal tissue.

• False positive (FP) is the number of pixels that the model incorrectly labeled as an
MS lesion.

• False negative (FN) is the number of pixels that the model incorrectly labeled as
normal tissue.

Figure 5 shows the training and validation Dice scores and loss values across different
epochs. As can be seen, the training curves gradually improve, while the validation curves
follow a very similar trend, indicating that the network is learning effectively without
overfitting. The small gap between the training and validation metrics demonstrates that
the model generalizes well to unseen data. In addition, the fluctuations in the early epochs
decrease over time, reflecting the stabilization of the learning process. Overall, the number
of chosen epochs, 165, is sufficient for convergence, as both the training and validation
metrics show minimal oscillations towards the end of training. These observations confirm
that the selected training procedure and the number of epochs is appropriate for the task.

All metrics for the five test folds, along with their mean, are presented in Figure 6.
Evaluation of the performance metrics across the different folds shows that the model
achieves the best Dice score of 91.37% in Fold 4. Additionally, using this fold, the model
demonstrates sensitivity, specificity, PPV, NPV, and accuracy of 91.37%, 89.32%, 99.98%,
96.64% 99.98%, and 99.95%, respectively. The lowest Dice score is obtained by Fold 5,
which is recorded at 81.18%. However, this score is higher than those reported in many
previous works. In general, the performance measures remain robust and comparable
across all folds.

Furthermore, the proposed method obtains average ± standard deviation values
for the Dice score, sensitivity, specificity, PPV, NPV, and accuracy of 84.72% ± 4.3,
81.17% ± 4.64, 99.91% ± 0.1, 90.41% ± 4.86, 99.91% ± 0.09, and 99.88% ± 0.11, respec-
tively, across all folds. Metrics with values close to 100% naturally show very low variance,
indicating stable and consistent performance across the folds. In contrast, lesion-level
metrics exhibit a higher standard deviation, which is expected due to the heterogeneous
distribution of MS lesions across different patients and slices. Variations in lesion size, num-
ber, and spatial location introduce a natural variability between the folds. This behavior is
commonly observed in MS lesion segmentation tasks and reflects the intrinsic difficulty of
accurately segmenting small and sparse lesions, rather than the instability of the model.

Figure 7 provides a visual representation of the segmentation results of the proposed
approach on the test set. This figure presents five axial slices from five patients and ground
truth segmentations alongside the segmentations produced by our proposed architecture.
False positive and false negative pixels are highlighted in red and green, respectively. As
can be seen, the predicted lesion masks closely match the ground truth, demonstrating that
the proposed method accurately segments the majority of lesions. The visualization of false
positive and false negative pixels further confirms that the model effectively detects most
MS lesions. Additionally, Figure 7 shows that our approach can accurately segment even
very small MS plaques, highlighting its high precision in lesion segmentation.
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Figure 5. Dice (first column) and loss (second column) values obtained from training and validation
phases for Fold 1 to Fold 5, arranged from top to bottom, respectively. These results were obtained
after 165 epochs.
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Figure 6. Average values of the evaluation metrics across five folds.

Ablation Study

To evaluate the contribution of each component in the proposed ZechariahNet archi-
tecture, a comprehensive ablation study was conducted. We started by training a baseline
model that combines U-Net with a 3D CNN, allowing the network to capture the volumet-
ric context across adjacent MRI slices. This improved the model’s ability to detect plaques,
highlighting the importance of 3D information for MS lesion segmentation. The Dice score
obtained at this stage was 0.61. Then, we added dense blocks to the network. These blocks
improve feature interaction and help information flow more smoothly across layers. With
them, the model became even better at detecting small and confluent plaques. The Dice
score obtained at this stage was 0.64. After that, we introduced the SA block. This module
helps the network to focus on the lesion while ignoring irrelevant background noise, which
improves lesion localization. By adding the SA modules, the Dice score increased to 0.84.
Finally, we incorporated a C-LSTM module after each SA block. This allowed the network
to better understand spatial dependencies and contextual relationships across feature maps.
As a result, the model could distinguish MS plaques from the surrounding white matter
more accurately. By incorporating the C-LSTM modules, the Dice score improved and
reached 0.8472.

Overall, our ablation study shows that every component we added contributed posi-
tively to the model’s performance and confirms that the ZechariahNet architecture is highly
effective for accurate MS plaque segmentation. Table 3 summarizes these results and shows
the Dice scores at each stage of the ablation study.
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Figure 7. (a,e,i,m,q) Five axial slices of five subject, (b,f,j,n,r) ground-truths for the corresponding
slices, (c,q,k,o,s) results of the proposed architecture, and (d,h,l,p,t) false-positive (in red) and false-
negative (in green) pixels of the proposed model, respectively.
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Table 3. Results of the ablation study in terms of Dice score.

Stage Dice Score

U-Net + 3D CNN 61%

Dense blocks + U-Net + 3D CNN 64%

SA + dense blocks + U-Net + 3D CNN 84%

ZechariahNet (C-LSTM + SA + Dense blocks + U-Net + 3D CNN) 84.72%

5. Discussion
The proposed architecture, ZechariahNet, is an improved version of the classical U-

Net, designed specifically for segmenting MS lesions in FLAIR MRI images. The network
incorporates dense blocks, SA modules, and C-LSTM layers within an encoder–bottleneck–
decoder framework. These components help the model capture both spatial and sequential
patterns, retain fine details, and focus on the most relevant features, leading to accurate
and context-aware segmentation. Performance evaluation across different folds shows
that the model achieves a maximum Dice score of 91.37% in Fold 4, along with high
sensitivity, specificity, PPV, NPV, and accuracy. Also, average metrics across all folds are
promising with a Dice score of 84.72%, indicating the model’s reliability and ability to
segment MS plaques.

Our results show that ZechariahNet provides robust and accurate segmentation of MS
lesions, using the ISBI2015 dataset. The model’s promising performance is due to several
key factors. First, the dense connections allow for effective feature reuse across layers,
enabling the network to capture subtle intensity differences. Second, the use of C-LSTM
layers helps the model to learn spatial dependencies between consecutive slices, which is
crucial for maintaining lesion continuity in 3D space. Third, attention mechanisms enable
the network to focus on relevant regions while suppressing background noise and reducing
false positives. These combined design choices are highly effective in detecting small and
low-contrast lesions, as the network can highlight subtle features while preserving spatial
context and inter-slice continuity.

Compared with classical U-Net and recent CNN- and U-Net-based approaches on the
ISBI2015 dataset, ZechariahNet achieves superior segmentation performance.

Table 4 presents a comparison between the results of state-of-the-art techniques and
those of the proposed method, including both the overall average and the results for Fold 4.
For a fair and consistent quantitative comparison, this table only reports performance
metrics for methods evaluated on the ISBI 2015 dataset. Sensitivity, PPV, and Dice score are
reported to provide a comprehensive evaluation of lesion detection performance.

The results shown in Table 4 highlight that our framework improves performance
metrics compared to existing approaches. Notably, our method achieves a Dice score
increase of approximately 0.72% from the best results reported in previous studies.

Although our proposed method achieved promising results, a few limitations remain.
MRI scans can vary depending on the scanner, imaging settings, and noise levels. Such
variations can reduce the accuracy of plaque detection and affect the reliability of results in
clinical practice. Additionally, most previous studies have only utilized image features and
investigated how plaque patterns relate to a patient’s symptoms or disease progression.
By integrating imaging and clinical data, our system can help clinicians to improve their
decision-making and treatment planning.
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Table 4. The comparison of the proposed method with other state-of-the-art techniques.

Method Year Method Dice Score PPV Sensitivity

Aslani et al. [6] 2019 CNN 76% -- --

Zhang et al. [7] 2021 All Net 63.90% -- --

Hashemi et al. [8] 2022 U-Net 81% 84% 79%

Sarica et al. [9] 2023 Dense-Residual U-Net 66% 86% --

Rondinella et al. [10] 2023 FC-DenseNet + SA +
C-LSTM 84% 85% 84%

Krishnan et al. [12] 2023 Multi-arm U-Net 67.70% 86.50% --

Zhang et al. [13] 2024 U-Net 68.2 -- --

Pishvai et al. [15] 2024 Brain parcellation 74.14% -- 75.95%

Gaj et al. [18] 2025 transfer learning techniques 79.20% -- 79%

Bewal et al. [19] 2025 U-Net 73.98% -- 94%

Zhang et al. [20] 2025 UNISELF 66.40% 88.2% --

Proposed method
(Mean) 2025 ZechariahNet 84.72% 90.41% 81.17%

Proposed method
(Fold 4) 2025 ZechariahNet 91.37% 96.64% 89.32%

Another important requirement is the availability of larger and more diverse datasets
to ensure the model generalizes across different patient populations. We acknowledge
that the current dataset is relatively small, which may increase the risk of overfitting
despite using data augmentation and regularization techniques during training. We also
plan to expand ZechariahNet for application to other brain disorders that present similar
biomarkers in MRI. Owing to its flexible design, including dense blocks, SA modules, and
C-LSTM layers, the model can be adapted to different medical imaging tasks and may be
useful for detecting brain tumors, Alzheimer’s disease, and other conditions that require
accurate MRI analysis.

Our trained system can be installed as a software tool in clinics, where clinicians
can upload patient MRI scans, have them automatically analyzed, and receive segmented
plaques to support quicker and more reliable decisions.

6. Conclusions
MS diagnosis depends mainly on correctly identifying brain plaques in MRI scans and

evaluating the patient’s clinical symptoms. However, this process can be difficult because
MS lesions often resemble nearby brain tissue. In this study, we introduced ZechariahNet,
an enhanced U-Net-based architecture for MS lesion segmentation using axial FLAIR MRI
images. ZechariahNet demonstrated strong and reliable performance across all five folds,
using the ISBI2015 dataset. The model achieved its best performance in Fold 4, with a
Dice score of 91.37%, and corresponding sensitivity, specificity, PPV, NPV, and accuracy of
89.32%, 99.98%, 96.64%, 99.98%, and 99.95%, respectively. Overall, the model achieved aver-
age metrics of 84.72% for Dice score, 81.17% for sensitivity, 99.91% for specificity, 90.41% for
PPV, 99.91% for NPV, and 99.88% for accuracy across all folds, confirming its robustness and
general segmentation capability. Furthermore, our architecture improved lesion segmenta-
tion compared with classical U-Net and several recent CNN- and U-Net-based approaches
on the same dataset. In particular, the method achieved a 0.72% improvement in Dice score,
relative to the best previously published model on ISBI2015, highlighting the effectiveness
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of combining dense connections, attention mechanisms, and sequential learning. Overall,
our findings demonstrate that deep-learning-based systems such as ZechariahNet can
play an important role in assisting clinicians by providing accurate, automated MS lesion
segmentation, supporting more reliable diagnosis and clinical decision-making. For future
work, we plan to evaluate ZechariahNet on additional MRI datasets, integrate clinical
and patient-specific data to enhance diagnostic relevance, and extend the model to other
neurological conditions.
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