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ABSTRACT

Intracranial aneurysm, a cerebrovascular condition involving abnormal arterial dilation, poses a high risk of subarachnoid
hemorrhage upon rupture. Accurate quantification is crucial for diagnosis and follow-up treatment. This paper introduces a
novel multi-scale dual-attention network (MSDA-Net) for quantification of intracranial aneurysms in MRA images. The proposed
framework includes a context aware patch (CAP) module, multi-scale convolutional blocks, and a dual-attention block, where
the CAP module extracts center-line patches to address foreground-background imbalance, the multi-scale and dual-attention
blocks enable feature extraction of anatomical dependencies for fine-grained segmentation. The framework leverages three
morphological features such as locations of aneurysms, vascular bifurcations, and vessel topology using a multi-task learning
scheme for better segmentation. MSDA-Net surpasses state-of-the-art models such as U-Net, residual U-Net, attention U-Net,
and nnU-net with an improved dice similarity coefficient of 0.71 and a volume similarity of 0.85. Experiments conducted on the
publicly available ADAM challenge dataset and a private post-treatment database demonstrate the reliability and performance
of this approach. The method could be used in clinical decision-making in aneurysm follow-up and has profound potential for
integration into clinical workflows.

1 | Introduction 1.1 | Previous Work

Intracranial aneurysm (TA) is a serious cerebrovascular condition
with a prevalence of about 6% in the general population, posing
significant health risks [1, 2]. When an IA ruptures, it can lead
to a subarachnoid hemorrhage, a life-threatening emergency
requiring immediate medical intervention. The standard method
to prevent rupture is surgical clipping of the aneurysm’s neck [3].
However, determining the precise position and orientation for the
clip is highly dependent on the surgeon’s expertise, making the
process both time-consuming and complex.

Traditional IAs segmentation techniques relied on manual selec-
tion of domain-specific features, which were then used in models
for classification, detection, or segmentation tasks. Methods that
have been developed for IA segmentation, includes techniques
based on filter enhancement [4], region-growing [5], centroid-
radii model [6], and blob enhancement [7]. While these methods
have shown reasonable performance, they are constrained by the
reliance on hand-crafted features derived from prior knowledge
and the need for extensive parameter tuning. Recent advances in
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deep learning have shown promise in improving the classification
and segmentation of IAs, potentially enhancing the accuracy
and speed of diagnosis and treatment. However, most current
methods rely on two-dimensional (2D) imaging techniques like
magnetic resonance imaging (MRI) and computed tomographic
angiography (CTA), which lack the ability to fully capture the
three-dimensional (3D) structure of the aneurysm [8-10].

Convolutional neural networks (CNNs) like [11, 12] U-Net and
ResNet, and particularly 3D models such as DAResUNet [13], are
commonly applied for aneurysm segmentation in MRA and CTA
images, respectively. These architectures, through contracting
and expanding pathways with skip connections, capture complex
anatomical details efficiently. Pre-processing steps such as voxel
resampling, intensity normalization, and skull stripping are
crucial for improving image quality, as illustrated in frameworks
like the U-Net-based model developed by Stember et al. [14] for
cerebral aneurysm segmentation in Time-of-Flight MRA. Further
refinements in deep learning architectures address specific chal-
lenges, such as enhancing small lesion detection and reducing
false positives. For instance, approaches by Claux et al. [15] and
Di Noto et al. [16] utilize two-stage U-Nets and probabilistic vessel
atlases to boost segmentation precision. Traditional methods
often neglected 3D structural intricacies like bifurcation points
and connectivity, but recent work emphasizes these elements to
enhance segmentation accuracy [17]. In contrast, 3D imaging data
offers a more comprehensive understanding of an aneurysm’s
shape and size, allowing for more accurate diagnosis and more
precise treatment planning.

To expedite the interpretation of magnetic resonance angiography
(MRA) sequences [18, 19], technicians frequently employ the
maximum intensity projection (MIP) [20] technique, which
simplifies visualization. However, this method is susceptible to
noise and may result in small aneurysms being missed [21].
Therefore, there is an increasing demand for computer-aided
detection (CAD) systems to improve the accuracy and effective-
ness of aneurysm detection and prevention. These systems can
assist clinicians in interpreting time-of-flight MRA (TOF-MRA)
volumes, thereby reducing their workload and enhancing the
efficiency of clinical diagnosis.

Given these limitations, there is a growing need for CAD systems
in clinical practice. CAD systems can enhance the accuracy and
efficiency of aneurysm detection by aiding clinicians in inter-
preting TOF-MRA volumes, thereby reducing their workload
and improving diagnostic performance. These systems employ
advanced algorithms to analyze the intricate structures within
the MRA images, identifying potential aneurysms more reliably
than manual methods. Implementing CAD in routine clinical
workflows can remarkably improve the early detection and
management of intracranial aneurysms.

1.2 | Our Contribution

Most deep learning-based approaches for medical image segmen-
tation are based on the U-Net architecture and its variants [22-25].
Although these models are effective for general segmentation
tasks, they face challenges when applied to aneurysm segmen-

TABLE 1 | Ratio of foreground to background(F/B) of randomly
selected five subjects from post-treatment dataset original and after
pre-processing.

SL.No. Original F/B x 10~° Processed F/B x 10~°
1. 14.10 51.40
2. 1.83 4.77
3. 6.23 72.8
4. 2.76 11.50
5. 0.83 1.91

tation due to the specific complexities of the task and severe class
imbalance as shown in Figure 1.

To address the identified challenges, in our previous work,
we developed an anatomy-based pre-processing framework [26]
that incorporates the anatomical relationship between aneurysm
locations and the topology of major cerebral vessels for detailed
segmentation. Our approach involved meticulously annotating
the major cerebral vessels within MRI scans to precisely localize
areas where aneurysms are likely to occur. To achieve this,
we identified the maximal area encompassing the annotated
vessels and generated a bounding box that accurately encapsu-
lated the vessel structures with minimal inclusion of irrelevant
regions. Using this bounding box as a guide, we performed
precise cropping of both the original input MRI volume and
the corresponding aneurysm mask volume. This step ensured
that the cropped images contained all relevant anatomical
structures, focusing specifically on areas of potential pathology
while eliminating extraneous background. However, our previous
framework had two main limitations: (1) Small F/B ratio: the
aneurysm region is comparatively smaller to the background,
resulting in a heavily imbalanced dataset as shown in Table 1.
(2) The performance evaluation indicates suboptimal accuracy
in aneurysm segmentation using deep learning methods. To
overcome these limitations, we extended our framework by
introducing a multi-scale dual attention network (MSDA-Net)
incorporating the intrinsic connections between major cerebral
vessels and the location of aneurysms. Additionally, we validated
the effectiveness of our enhanced framework through extensive
analysis and performance evaluation on a pre-and-post treatment
IAs database, performing an in-depth analysis and comparison
with SOTA networks both quantitatively and qualitatively. The
main contribution of the study can be summarized as follows:

1. Annotation of major cerebral vessels of brain MRA images in
the context of aneurysm segmentation is for two datasets.

2. A CAP extraction module is proposed for centerline guided
patch extraction considering the morphology of major cere-
bral vessels.

3. The novelty of MSDA-Net lies in its integration of topology-
aware multi-scale feature extraction with attention module,
enabling precise capture of complex intracranial aneurysm
structures. This approach enhances segmentation accuracy
and supports improved diagnosis and treatment planning.

4. Extensive experiments indicate that our framework out-
performs state-of-the-art methods on the ADAM challenge
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FIGURE 1 | The challenges of accurate IA segmentation. (a),(b) Small volume ratio: the ratio between the aneurysm region and background is

highly imbalanced; (c) complex anatomical location: aneurysms are located at junctions or bifurcations of the major cerebral vessels. Where aneurysms

and cerebral vessels are marked with red and yellow, respectively.
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FIGURE 2 | Overview of the proposed MSDA-Net framework. It consists of two blocks: (1) multi-scale block for reducing the semantic gap and (2)

dual attention block for channel and spatial attention to capture fine grain topological features.

dataset and our in-house aneurysm remnant database,
demonstrating its superior effectiveness.
2 | Methods
In this section, we describe the proposed framework for address-
ing the task of pre- and post-treatment IA segmentations.
2.1 | Model Architecture
Our proposed architecture as illustrated in Figure 2 follows

the encoder-decoder structure of the U-Net [11] with three
notable modifications.

First, in place of the standard pair of 3 x 3 X 3 convolutional
blocks typically used in U-Net [11], we introduce a novel multi-
scale block at each stage except at the bottleneck. This block is
designed to capture more detailed features at each level, although
it may reduce some finer low-level details. The specific com-
ponents and functioning of the multi-scale block are explained
in detail later. For the final downsampling layer, we employ
residual blocks.

Second, to mitigate the loss of fine details caused by the new
block, we implement an auxiliary downscaling layer that omits
convolutional processing. The output from this auxiliary layer at
each step is combined with the corresponding main downscaling
layer output through addition. This downscaling uses 2 X 2 x 2
convolutions with a stride of 2, which allows the model to learn
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FIGURE 3 | Illustration of different convolutional blocks used in MS block. (a) residual block, (b) dilated block-1, (c) dilated block-2, and (d)MS

block.

and retain critical information more effectively than traditional
max pooling.

Finally, we employ addition instead of concatenation when
merging outputs, following a similar approach to LinkNet [27].
This strategy reduces memory usage and computational demands
while delivering improved results. Consequently, the upscaling
path requires only half the parameters to match the output size of
the downscaling path. We discuss the modifications as follows:

2.1.1 | Multi-Scale Block

Multi-scale block Figure 3 is a novel convolutional block that
integrates multiple types of blocks operating in parallel, allowing
the network to select the most effective approach at each step.
This block ensembles a diverse range of kernel sizes in three
different ways, enabling the network to balance the strengths and
weaknesses of each block. This diversity in kernel sizes helps the
model to accurately identify both the broader regions of interest
and the finer edges of the aneurysm structures.

The block also utilizes a one-two-three combination of residual
blocks F,, F; and F, based on empirical findings that showed no
substantial performance benefits from adding multiple instances
of dilated blocks. The additional computational cost was not
justified by the minimal gains in accuracy. In this MS block,
convolutions with different dilation rates are employed, which
allows the network to extract information from varying receptive
fields without increasing the number of parameters. Consider the
following set of convolutions: a standard 3 X 3 X 3 convolution,
a dilated convolution with a dilation rate of 3, and another
with a dilation rate of 3,5. These operations are performed in
parallel, and their outputs are concatenated to form a more
comprehensive feature map. Mathematically, let the input feature

map be denoted as

X e RCXDXHXW (1)

where C, D, H, and W represent the number of channels, depth,
height, and width of the input, respectively.

The feature maps F; and Fs generated by convolutions with
different dilation rates d, and d, can be expressed as:

F, = Conv(X, Wy, d,). )

F5 = Conv(X, W,,d,), @)

where W, and W, are the learned weights for each convolution
operation. These convolutions capture local and global informa-
tion by adjusting the dilation rates d, with d; = 3 and d, = 5 for
the dilated convolutions.

The outputs of these convolution operations are concatenated
with the residual blocks, which ensures that the original infor-
mation is preserved while enhancing feature representation. Let
the concatenated feature map be F as:

F = [Fy; Fy; F35 Fy; Fs. 4)

This process enables the MS block to encode features from
multiple scales, allowing it to handle complex structures like
aneurysms, which can manifest in various shapes and sizes
across different slices of medical scans. By integrating multi-
scale information, the MS block enhances the segmentation
network’s ability to accurately segment fine details as well as
larger structures, improving overall performance in tasks such as
aneurysm segmentation.
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2.1.2 | Dual-Attention Block

The dual attention mechanism integrates both channel and spa-
tial attention to improve feature representation for segmentation
tasks [26]. In aneurysm segmentation, this is particularly valuable
as it helps model complex geometrical structures that require
both local and global context. The Spatial Attention module
operates on local feature maps I € REP*XW_ Thege feature maps
are first processed through 1x1x1 convolution layers to generate
three intermediate feature maps, denoted as A, B, and C, where
{A,B,C} € RO*PXHXW The feature maps are then reshaped into
vectors A’, B', and C' € RN, where N = D x H x W represents
the total number of voxels. A spatial attention map S € RV is
generated by applying a softmax function to the matrix product
of the transpose of A’ and B':

exp (4] - B))
Y., exp ((A0] - B))

®

i =

The value s;; quantifies the impact of the i voxel on the j®
voxel, with higher values indicating stronger correlations. This
spatial attention map is then multiplied with C’, and the result
is reshaped back to ROP*PW - followed by an element-wise
summation to enhance the spatial context.

The channel attention module, uses the original feature map
X € ROPXIXW o model interdependencies among channels. By
generating a channel attention map, this module adjusts the
significance of different channels based on their relevance to
the segmentation task. Each channel’s feature is recalculated as
a weighted sum of all channel features, enhancing the model’s
understanding of long-range dependencies. The spatial attention
map, meanwhile, provides a broader contextual perspective,
highlighting prominent anatomical regions of interest. The out-
puts from both attention mechanisms are aggregated to produce
refined features, improving the segmentation performance for
aneurysm detection and quantification.

In addition to channel attention, spatial attention captures the
spatial context by highlighting the most critical regions in the
feature space. This selective focus enables the network to incor-
porate more diverse contextual information, enriching the local
feature representation and improving intra-class consistency. The
combination of spatial and channel attention refines feature
extraction, leading to more precise and accurate segmentation
of aneurysms.

3 | Experiments
This section describes the dataset both public and in-house,

the experimental setup for training and inferencing, and the
evaluation metrics.

3.1 | Dataset
3.1.1 | Public

This study conducts a comparative analysis of the performance of
existing deep learning models on the publicly available Aneurysm

TABLE 2 | Dataset split form public and private dataset for pre-and
post-treatment.

No. of
Category Type volumes
Public dataset (ADAM Pre-treatment 78
challenge) (distinct/baseline)
Public dataset (ADAM Post-treatment 35
challenge) (follow-up)
Private dataset Post-treatment 36
(no follow-up
available)

Detection And segMentation (ADAM) dataset [28] and a private
dataset obtained from Uppsala University Hospital, Sweden as
shown in Table 2. The dataset comprises 3D TOF-MRA images,
with a total of 113 cases. Out of these, 93 volumes contain at
least one untreated, unruptured aneurysm, including 35 pre-
treatment (baseline) volumes and 35 post-treatment (follow-up)
volumes from the same subjects, along with 23 volumes from
distinct individuals whose treatment status is not explicitly
specified. Additionally, 20 volumes are included that do not show
any intracranial aneurysms. We consider both distinct and no
intracranial aneurysm volumes as pre-treatment volumes.

The median age of the 53 subjects with unruptured intracranial
aneurysms was 55 years, and 75% of them were female. To
correct intensity non-uniformities in the images, the N4 bias
correction algorithm was applied, effectively mitigating low-
frequency intensity variations [29]. In the aneurysm label images,
the background is indicated by 0, untreated and unruptured
aneurysms are labeled as 1, and treated aneurysms or artifacts
from treatments are labeled as 2. Given that the main goal
of this study is to segment pre- and post-treatment aneurysms
automatically, label 2 is excluded from the evaluation process.

3.1.2 | Private

The dataset utilized in this study comprises post-treatment
MR scans from a total of 42 subjects from Uppsala University
Hospitals, Sweden (approved by the local ethics committee as part
of a prospective research study). Among them, 36 subjects exhibit
remnants of treated intracranial aneurysms (post-treatment
cases), while the remaining subjects show no remnants. These
scans were obtained using MR Phillips Medical Systems, and to
comply with clinical standards, all relevant patient information
was anonymized from the DICOM header files. The imaging
data for this study was acquired using a 3T MRI scanner, with
specific parameters tailored for optimal intracranial aneurysm
visualization. The voxel dimensions were set to 0.5 X 0.7 X 1 mm?,
ensuring a high-resolution capture of the cerebral anatomy. Each
volume consisted of 148 to 150 slices, with a matrix size of 512 x
512 pixels, providing detailed spatial coverage. The repetition
time (TR) and echo time (TE) were 25 ms and 1.7 ms, respectively,
while the flip angle was set at 20 degrees. These parameters were
carefully chosen to balance image quality and acquisition time,
making them ideal for aneurysm analysis in the clinical setting.
Annotation of the scans was performed manually using 3D-Slicer
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ALGORITHM 1 | Context-Aware Patch Module

Require: X, Y and V are the MRA image, aneurysm mask and
major vessel mask.

1: Vy;, < V > 0 > Binarize to foreground and background
labels

: Ve < skeletonize(Vy;,) > Extract binarized skeleton
i Ve < location(V, ;) > Centerline coordinates (i, j, k)
2 Yynask < crop(Y; ;,) > Crop at center coordinates (i, j, k)

¢ Ximage < crop(X; ;) > Crop at center coordinates (i, j, k)

N U A WN

: return Y, and Xy, q0,

[30] software by members of our expert team. One annotator
focused on marking the cerebral vasculature, while another
identified the location of the intracranial aneurysm remnants.
Subsequently, a domain expert in neuroradiology with over 25
years of experience verified these annotations. Any discrepancies
were resolved through consensus among the three experts on
the team.

3.2 | Experimental Setup and Training

Intracranial aneurysms can occur at various locations within the
cerebral vasculature, with some regions being more commonly
affected, such as the Circle of Willis and other major cerebral
vessels. Context-aware patch module is proposed to effectively
capture relevant features along the vessel skeleton in MRA
images, standardized 3D patches were extracted. This extrac-
tion process involved precise vessel skeletonization techniques,
including thresholding, binary conversion, and region-growing
algorithms to define the vascular structures accurately as illus-
trated in Algorithm 1. The patches sized at (64 X 64 X 64) voxels,
were centered along the vessel centerline and extended evenly
from both segmented vessel edges. By sliding a window along
the centerline and cropping the image, this approach emphasizes
the importance of centerline patch extraction in segmenting post-
treatment intracranial aneurysms and analyzing medical images.

An interesting challenge in deep learning-based segmentation
is addressing the substantial class imbalance between normal
and aneurysm patches in MRA images. To mitigate this, various
data augmentation techniques, such as flipping, zooming, noise
injection, rotation, blurring, and contrast adjustments, were
employed to increase the variability of the training data. These
volumentations helped to generate diverse examples, improve
the model’s ability to detect aneurysms across different imaging
conditions, and reduce overfitting, ultimately enhancing the
accuracy and reliability of the segmentation outcomes.

The deep learning-based segmentation methods were imple-
mented using TensorFlow on a Dell Precision GPU system.
For a thorough evaluation, the dataset is equally divided into
training, validation, and test sets. For the public dataset, the
split ensures balanced representation of pre-treatment and post-
treatment cases. Similarly, as the private dataset only consists
of post-treatment cases so we divide them equally across the
sets. Additionally, a 3-fold cross-validation is applied to ensure

robust model evaluation and mitigate overfitting. In our exper-
iments, we employed the dice loss function as the primary loss
measure. The Dice Similarity Coefficient (DSC) evaluates the
degree of overlap between two sets, such as predicted and ground
truth segmentations.

The dice loss function is mathematically expressed as:

N
2 Z[:l XiYi

(6)
N N
XX tX oyl te

[’dice =1-

Here, x; represents the predicted voxel value, y; denotes the
ground truth voxel value for i-th sample, and ¢ is a small constant
added to the numerator and denominator to prevent division
by zero in cases where there may be no overlap. The Adam
[31] optimization algorithm was chosen for hyper-parameter
optimization, with an initial learning rate set at 0.0001 and
decayed using exponential annealing. The TensorBoard callback
facilitated the visualization of training metrics, while EarlyStop-
ping was used to halt training when the validation loss did not
improve for 10 epochs. For evaluating the metrics, (64 X 64 X 64)
patches were taken comprising the major brain vessel centerline,
then efficiently negative patches were discarded and all the
positive patches were considered for evaluation where patches
having no aneurysms were negative, and patches with aneurysms
were positive.

3.3 | Evaluation Metrics

In this study, we quantitatively analyze the performance of
automated methods for segmenting aneurysms by comparing
them with manually annotated input volumes (I) and predicted
output volumes(O) [32]. Furthermore, we employ the DSC met-
rics to assess the correlation between automated segmentation
and ground truth volumes for each patient. The DSC quantifies
similarity between two datasets, with values ranging from 0 to 1;
a DSC of 1 indicates perfect agreement between the datasets.

2x10, NI
D= o+ @
Additionally, we utilize volumetric similarity (VS) and the Haus-
dorff distance (HD) 95th percentile to analyze the shape and
structure of aneurysms. VS is a metric in 3D medical image
segmentation that measures similarity between segmented and
ground truth volumes, ranging from 0 (no similarity) to 1 (perfect
similarity).

10,1 — L

VS=1-
1O + L]

®

The Hausdorff distance (HD) is crucial in medical image segmen-
tation for assessing shape similarity, which is pertinent in surgical
planning in segmenting post-treatment intracranial aneurysms.
HD measures the maximum distance between points in one
set to the closest point in another set, providing a measure of
spatial dissimilarity between them [33]. It can be computed using
Equation 9, where O and I denote segmented and ground truth
volumes, respectively, and d(o,i) represents the distance between
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TABLE 3 | Quantitative performance measure of different networks
on the test-set for ADAM dataset.

3D networks/metrices DSC (%) HD(mm) VS

U-Net [34] 35.24 38.21 0.45
Attention U-Net [12] 40.65 36.75 0.53
Residual U-Net [35] 45.95 33.51 0.58
Residual attention U-Net [36] 49.58 31.95 0.59
nnU-Net [37] 59.27 26.35 0.63
MSDA-Net 61.23 25.35 0.65

TABLE 4 | Quantitative performance measure of different networks

on the test-set for post-treatment in-house dataset.

3D networks/metrices DSC (%) HD(mm) VS

U-Net [34] 4534 40.21 0.62
Attention U-Net [12] 59.35 39.45 0.67
Residual U-Net [35] 56.76 35.41 0.69
Residual attention U-Net [36] 62.53 29.75 0.71
nnU-Net [37] 67.29 18.73 0.79
MSDA-Net 71.60 11.53 0.85

points o and i.

HD(O,I) = max {sup inf ||jo — i||, supinf |jo — i]| } 9
oe0 €l ie] 0€0

4 | Results and Discussions

This section highlights the performance analysis of MSDA-Net
evaluated on private and publicly available databases. It includes
results, discussions and limitations.

4.1 | Results

The results presented in Tables 3 and 4 demonstrate the perfor-
mance of various deep learning models on the ADAM dataset
and post-treatment in-house dataset. The performance metrics
include DSC, HD and VS, which provide a comprehensive
evaluation of the segmentation models. MSDA-Net consistently
outperforms other models across all metrics, showing superior
segmentation accuracy and robustness.

In the ADAM dataset (Table 3), MSDA-Net achieved a DSC
of 61.23%, considerably higher than the other networks, such
as nnU-Net 59.27% and attention U-Net 40.65%. The Haus-
dorff distance (HD), which measures the largest segmentation
error between predicted and ground truth boundaries, was also
minimized with MSDA-Net at 25.35, compared to 26.35 for nnU-
Net. These results indicate that MSDA-Net not only improves
segmentation accuracy but also reduces the boundary mismatch
between the predicted aneurysm region and the actual ground
truth, leading to more precise clinical diagnoses (Figure 4).

A crucial aspect of result evaluation is understanding the pres-
ence of false positives (FP) and false negatives (FN). FP occur

when the model mistakenly identifies a normal region as an
aneurysm, while false negatives arise when the model fails to
detect an actual aneurysm. In the ADAM dataset, the lower HD
in MSDA-Net gives fewer false positives, meaning the model is
less likely to incorrectly classify healthy regions as aneurysms.
Conversely, a higher DSC implies fewer false negatives, as the
model is better at capturing aneurysms with high sensitivity.
This reduction in FNs is vital in medical applications because
missing a true aneurysm could lead to severe consequences, such
as failure to intervene before a rupture.

For the post-treatment in-house dataset (Table 4), MSDA-Net
achieved an even higher DSC of 71.60%, reflecting its robustness
in handling complex medical data. The notable reduction in HD
to 11.53 indicates that MSDA-Net effectively reduces both FP and
FN rates (Figure 5). This enhanced accuracy in post-treatment
scenarios is crucial, as false positives may lead to unnecessary
follow-up procedures, while false negatives could result in unde-
tected aneurysm regrowth or complications after interventions
such as coiling or clipping. To further validate the performance
difference, we conducted a statistical analysis comparing MSDA-
Net and nnU-Net using a paired t-test on the DSC metric for
in-house dataset, yielding a p-value of 3.25 x 10~7. The model’s
ability to handle these complexities ensures that it can be reliably
used in clinical workflows, improving patient outcomes through
more accurate and timely treatment assessments.

The quantitative and qualitative results indicate that MSDA-Net
offers substantial improvements over traditional medical image
segmentation models by minimizing false positives and false
negatives, enhancing the overall reliability of segmentation for
both initial diagnosis and post-treatment follow-up of intracranial
aneurysms. This demonstrates the potential of MSDA-Net in
automating critical medical processes, reducing the burden on
radiologists, and ensuring more accurate patient management.

4.2 | Volumetric Analysis

In our study, volumetric quantification was conducted to analyze
aneurysm progression between baseline and follow-up imaging.
This evaluation is particularly significant in post-treatment sce-
narios, we have used the public available baseline and follow-up
volumes for assessment. For each subject, volume differences
were calculated by comparing aneurysm volumes at baseline and
follow-up using both the manual annotations and the MSDA-Net
generated segmentations. As shown in Figure 6, the predicted
volume differences exhibit strong consistency with the ground
truth, reflecting the model’s capability to approximate clinically
meaningful volume trends across patients. These results affirm
that the proposed segmentation framework is not only effective
in delineating aneurysm boundaries but also in preserving volu-
metric integrity across time-points. This characteristic is critical
in longitudinal studies, where precise volume estimation plays a
central role in clinical decision making and outcome evaluation.

4.3 | Discussions

The proposed MSDA-Net framework demonstrates considerable
improvements in the segmentation and quantification of IA, as
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post-treatment in-house dataset. One of the key challenges in
medical image segmentation, especially in the case of intracra-
nial aneurysms, is the presence of extreme class imbalance
between the aneurysm regions and the surrounding normal
tissue. The MSDA-Net addresses this by incorporating a pre-
processing context-aware patch module, which mitigates the
effect of this imbalance and reduces the occurrence of false
positives and false negatives. This is particularly valuable in
post-treatment monitoring and follow-up studies. By integrat-
ing multi-scale attention mechanisms, the model successfully
captures contextual anatomical structures, improving the quan-
tification of aneurysms with higher precision. The use of both
channel and spatial attention plays a pivotal role in refining
feature representations, leading to enhanced segmentation out-
comes.
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FIGURE 7 | (a)-(e) display the feature maps generated by the dif-
ferent stages of the MSDA-Net, while (f) illustrates the corresponding
ground truth from the post-treatment dataset. In the feature maps, areas
highlighted in red indicate higher values, whereas areas in blue signify
lower values.

The saliency map visualizations generated from different layers
of the MSDA-Net as depicted Figure 7 offer critical insights
into how the model progressively refines its focus on regions
of interest in medical images. As shown in the earlier layers in
Figure 3, the activations are more diffuse, reflecting the network’s
broad scanning of features across the image. This diffuse nature
indicates that the network is initially learning to recognize
general patterns and structures, though with lower confidence
in identifying the precise location of the abnormality. However,
as the model advances through deeper layers, the heatmaps
show increasingly concentrated activations, demonstrating that
the network is honing in on the critical regions, such as potential
aneurysm sites, with greater specificity.

By the final layers, the heatmap activations become sharply
focused, aligning closely with the areas of true clinical interest.
This progression highlights the efficacy of MSDA-Net’s multiscale
dilated convolutions and attention mechanism in enhancing
feature localization and segmentation accuracy. The model’s
ability to reduce these errors directly contributes to more reliable
neuro-interventional surgical planning, offering insights for its
integration into real-world clinical settings.

4.4 | Clinical Significance

Deep learning based segmentation and quantification of pre and
post-treatment intracranial aneurysms hold substantial clinical
importance, particularly in enhancing follow-up treatment and
management strategies that involve the critical role of major
cerebral vessels. These advanced computational methods provide
precise, automated tools for monitoring changes in aneurysm
morphology over time, which is vital for evaluating the effective-
ness of treatments and predicting patient outcomes. By accurately
segmenting aneurysms and quantifying their key characteristics
such as size, shape, and their spatial relationship with major
cerebral vessels clinicians can more effectively track the progres-
sion of aneurysms and assess their response to interventions like
coiling or clipping.

Integrating deep learning algorithms with anatomical knowledge
of cerebral vessels enables a more detailed analysis of the complex
morphological features of aneurysms, thereby improving diag-
nostic accuracy and supporting better clinical decision-making.
This approach helps in identifying potential post-treatment
complications, such as aneurysm recurrence or residual growth,
which could prominently affect patient prognosis. Additionally,
these techniques allow for the efficient processing of large
volumes of imaging data, reducing the workload on radiologists
and optimizing clinical workflows. Ultimately, by offering a com-
prehensive understanding of post-treatment aneurysm dynamics
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and their interactions with critical cerebral vessels, deep learning
based segmentation enhances personalized treatment planning
and contributes to improved long term care for patients with
neurovascular conditions.

4.5 | Limitations

The proposed approach has certain limitations, as the network
encounters challenges in accurately analyzing some test subjects.
Figure 8 shows the axial, coronal, and sagittal views of a
sample with lower performance. Due to the complex geometry
of aneurysms, the network sometimes struggles to distinguish
intricate vascular structures and aneurysms effectively. Addition-
ally, the grayscale values of aneurysm remnants often resemble
nearby veins or other vessel branches, which can lead to mis-
interpretation. Artifacts such as calcifications and surgical clips
may appear similar to aneurysm remnants, resulting in potential
false positives and over-segmentation. Moreover, inconsistencies
in labeling practices across different centers introduce data
discrepancies, which could be mitigated by developing methods
to handle label noise and incomplete labeling. The private dataset
currently consists solely of post-treatment data without follow-
up imaging, limiting the ability to perform volumetric trend
analysis. Another limitation is the generalizability of MSDA-Net
to images acquired from different MRI scanners and protocols.
The private dataset was obtained using a single MRI scanner and
a consistent imaging protocol, ensuring uniformity during the
evaluation. While this setup allowed for a controlled performance
assessment, it restricts the model’s applicability to data from other
scanners or protocols. Additionally, the public dataset used in this
study lacks detailed information about the specific scanners and
imaging parameters, preventing a comprehensive evaluation of
the model’s cross-scanner generalizability. In the future, our work
will focus on addressing these challenges to enhance intracranial

aneurysm quantification also we plan to enhance the dataset
by incorporating follow-up data, enabling more comprehensive
longitudinal studies.

5 | Conclusion

This research presents MSDA-Net to precisely segment and
quantify intracranial aneurysms from MRA images. By incor-
porating context-aware patch extraction and multi-scale dual-
attention modules, the model effectively captures the complex
morphological features of aneurysms while addressing class
imbalance and background noise challenges. The experimental
results on both public and private datasets highlight its better
performance over existing approaches, demonstrating notable
improvements in segmentation accuracy and reduction of false
predictions. Overlapping anatomical structures and poor image
contrast impose limitations on acceptable segmentation of small
aneurysms. Future research aims to enhance the framework’s
generalizability and robustness on broader datasets. The pro-
posed network could be used for developing tools for automated
diagnosis and treatment response quantification.
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